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The ^study was concerned with the formation of grouPs 
of students and specifically addressed the problem: Can a 
computerized Procedure be developed which assigns students to 
instructional groups, which maximizes the homogeneity of these groups 
when this homogeneity is based on relevent student learning 
characteristics, and which takes account of realistic administrative 
constraints? The mathematical procedure developed involved utilizing, 
computer technology in its implementation. It aimed to facilitate,^ in 
part, the management of Individually Guided Education (IGE).. Four 
algorithms were designed, each involving the fitting of a 
homogenizing procedure within the framework of the administrative 
constraints of the probiei?. The algorithm which proved to be most 
effective was the one which initially assigned students to groups, 
matched group sizes with skills, allocated eligible students to these 
groups to maximize their homogeneity and then applied other 
administrative constraints. The effectiveness of tiis algorithm was 
further assessed by comparing its recommended groupings with teacher 
generated groupings when both were subject to the same constraints* 
The computerized procedure produced more homogenous groups than did 
the teachers -aDd'^n eguiv,ale,n.t_number of students were omitted. User 
perceptions of the efficiency and effectiveness of the procedure were 
also obtained. It is claimed that the procedure developed warrants 
further evaluation. (EC) v 
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ABSTRACT 



.This study was concerned with the formation of groups of students 
and specifically addressed the problem: Can a computerized procedure 
be developed which assigns students to instructional groups , which 
maximizes the homogeneity of these groups when this homogeneity is 
based on relevant" student learning characteristics, and which takes 
account of realistic administrative constraints such as eligibility 
for group mesfiNsralUp,. sizes dc groups, and numbers of groupo? 

The prac##iz36s developed to solve this problem was mathematical 
in nature araS lijsEEjlved utilizing computer technology in its iraple- 
montation. It aiwei to facilitate. In part, the management of a 
particular fmdivM<*alized program of instruction, namely Individually 

Guided EducalioB^ (fSa) • . 

Based cJ. an initial survey of clustering techniques including 
hierarchical tat:bni«pies , optimization-partitioning techniques, density- 
seeking teclwiiquiis and clumping techniques, iftcdeclsion was cwde dhat 
the optimiz«tiou-F^titioning techniques appU^ed most directly m the 
problem beiitg ssw^Scd. This set of techniques was further surveyed 
in terms of complEte enumeration, implicit enumeration procedures and 
ht'uristlc proced^isas. which yie3;d local optimal solutions. Despite their 
disadv«intage c>,f yielding sub-optimal solutions, the heuristic parti- 
tioning procedures were considered r.o most closely meet the require- 
ments of tbe i^roblem. 

xvii 
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Four algorithms were designed, each one involving the fitting of 
a homogenizing procedure within the framework of the administrative 
constraints of the problem. The homogenizing procedure employed was 
the Forgy minimum variance par^fcitioning procedure modified by using a 
proportional division method for selecting seed points and the 
weighted Euclidean metric as a measure of similarity. The four 
computer based procedures were evaluated on the basis of their per- 
formances on a set of tests which involved varying the parameters of 
the grouping situation, such as the data on learner characteristics , 
data on group eligibilities, the number of groups formed, the sizes 
of the groups, and the single or multiple assignment of instructional 

topics to groups. 

Two equally important criteria were used in the choice cf the most 
effective of the four algorithms—the homogeneity of groups measured on 
selected learner variables and the number of students omitted from 
the groups. The algorithm which proved to be most effective was the 
one which initially assigned instructional topics to groups, matched 
group sizes with skills, allocated eligible students to these groups 
to maximize their homogeneity and then applied other administrative 
constraints. 

The effectiveness of this computer based grouping algorithm was 
further assessed by comparing its recommended groupings with teacher 
generated groupings when both groupings were subjected to the same 
constraints. In the comparison performed, the computerized procedure 
produced much more homogeneous groups than did the teachers and an 
equivalent number of students were omitted. The profiles of the 
groups formed by the two methods were noticeably different as 

xviii 
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determined by the differences in the means of the learner character- 
istics for each group, a ratio of agreement and the phi coefficient 
o£ association. 

User perceptions of the efficiency and effectiveness of the 
computerized grouping procedure were also obtained. The computerized 
grouping procedure was perceived to be much more efficient in terms 
• of time spent by users in the grouping process than a manual pro- 
cedure and more efficient than a semi-autoniated procedure used by the 
teachers. Respondents, however, mainly gave median ratings of the 
computerized procedure's success in maximizing the homogeneity of the 
groups and minimizing: omissions from the groups. 

The evaluation of the computerized grouping procedure performed 
as part of this study can only be considered as preparatory to a 
more comprehensive examinationLiof the effectiveness and efficiency 
of the computerized gcouping procedure. Despite this limitation, it 
Is claimed that the procedure developed warrants this further 
evaluation. ' . 

APPROVED ^ u3 

DATE AuRust 13, 1976 
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CHAPTER I 



FOUNDATIONS OF THE PROBLEM 
Introduction 

Attempts at impro^rj^g the ifts'twctional and learning processes 
have frequently emphasiisfid individualized instruction which Suppes 
(1966(a) , page 207) defined as "an adaptation of an educational cur- 
riculum in a unique fasMon to individual learners each of whom has 
his own characteristic initial ability, rate and style, to provide 
him with a successful learning experience." Systems of individualized 
aducatlon are orientei towards individual abilities, interests and 
Beeds^and take account ofMifferences in learning styles, instructional 
levels, rates of progresses well as in instructional strategies. 
Wright (1972, page 77) identified similar defining characteristics 
of indi_vidualized instructional programs when, on the basis of a 
comprehensive review of the relevant literature, be recognized these 
programs as providing for differences in 
(1) learning rates, 
(.2) learning styles, ^ 
(3^ student participation in goal setting, 

(4) .student participation in determining learning sequences, 
(55) student grouping based on student characteristics, desires, 
and needs. 
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Within some individualized instructional programs, student 
groups are established for specific purposes and thsn dissolved when 
these purposes are achieved (Martla and pavan, 1976, yi^&e 311). A 
group comprises students who at a specif icirtlme have caomon concerns, 
needs, interests or plans aoad may be f ormeiB ior students to share a 
common meaningful experience^ to participaffla in specific activities, 
or to attain skills not availlable in anothar mode. Instructional 
resources such as team teaching, television, film, slides, language 
laboratories and self-education programs are readily adaptable to such 
groupings and were considered by Belt and Spuck (1975, page 7) to be 
realistic solutions to the problem of adjusting instruction to the 
individual differences in students. 

In the past, groupings of students for instructional purposes 
were often based on a very small number of parameters (e.g., age and 
intelligence measures), considered permanent, and applied uniformly -to 
a wide range of curricular subjects. Such groupings have been conclu- 
sively shown to have little effect on reducing the degree of 
heterogeneity of the group and also to have deleterious effects on the 
motivation, self-image and achievements of the students (Heathers, 
1969, page 14 and Westby-Gibson, 1966, page 10). However, there can be 
little argument thai: groups formed for a specific purpose can reduce 
the differences among individuals when these differences are in the 
area identified by the dependent variable used to form the group. 
Equally obvious is. the strong likelihood that vHEiation in other student 
variables may be increased as a result of the grouping. This raises 
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the question oi isther or not educators cm identify a specific set 
of dependent variables that pertain to a specific content area. If not. 
homogeneous grouping will continue to be suspect as an attaapt to 
provide for individual differences in learning. 

• The general literature on individualized education has identified 
several learner characteristics which should be taken into account 
when forming groups for instructional purposes (McNamara and Spuck, 
1975, page 6; DeVault and Krlewall. 1970. page 416; Heathers, 1969. 
page 21; and Suppes, 1966(a). page 207). 

These characteristics typically included learriing style, learn- 
ing rate, interest level, and deficiencies in knowledge base. To be 
useful in numerical grouping procedures, these characteristics need 
to be measured. It is expected that where measurement of such learner 
characteristics is possible, it will be at the ordinal oi interval 
levels. Because grouping is essentially based on degree of similarity, 
it can be further expected that these levels of measurement will result 
in adequate data in the measurement of interstudent similarity, 
instruments useful in measuring learning styles and interest levels 
are often of the self report or observational types and measures of 
learning rate and deficiencies in knawfedge base, are available as a 
result of periodic tCEsting done as part of the instructional program. 
What is not considered in the literature is the effect on the composi- 
tion of the instructional groups and -fence on individual performances 
of using different combinations of daita on learner characteristics and 
learner past performance. Not only should grouping procedures permit 
the use of various relevant variabEles. but: their selection should 
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be based on evidence o£ their singular and collective effectson the 
achievement o£ the group members. 

Some schemes of individualized instruction which attempt to 
meet the needs o£ individual students by bringing together learners 
having common attributes base these groupings upon teacher opinions, 
test scores or some subjective assessment involving both test scores 
and student characteristics. Because of the subjective nature of the 
procedures, the limited range of student characteristics considered 
when forming the groups and the inefficiency of the methods used, it 
cannot be expected that the degree of homogeneity of the groups will be 
optimal. Consequently, it is unlikely that the goals of such programs 
of individualized education will be met by so forming Instructional 
groups. 

The Individually Guided Education (IGE) scheme presently being 
utilized in over 2,000 American schools attempts to meet the heeds of 
individual students by establishing appropriate instructional groups. 
Klausraeier, Quilling, Sorenson, Way, and Glasrud (1971, page 18) report 
that in IGE rather than having one teacher who is more or less respon- 
sible for 20 to 35 students, three to five teachers and other teaching 
aides work as a team to guide the education of 100-150 students; 
these teachers, aides, and students make up an instructional unit. 
Such factors as the nature o£ the instructional material, and student 
and teacher characteristics are involved in identifying instructional 
groups and establishing group sizes. Thus, while group teaching is 
characteristic of traditional classrooms and students working by 
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themselves is a characteristic of "file- folder" approaches to individ- 
ualization, instruction in IGE takes place in various size groups, 
large group instruction to individual work, with the small to medium 
sized group being the most common.- proponents of IGE strongly believe 
that such group interaction is the most effective use of learning 
certain concepts (Belt, 1975, page 15). 

. Essential to the functioning of such programs of individualized 
education is the teacher's ability to cope «.?fectively with^ the large 
volume of information required in the management of these programs. 
Monitoring the progress of students and deciding upon optimal instruc- 
tional objectives, tasks, and organization becomes an extremely complex 
and difficult endeavor. Experience in working with these complex pro- 
grams has led to an increased awareness that computer-based management 
information systems are essential to their effective implementation arid 
operation (Baker, 1971, page 51 and Spuck and Owen, 1975, page 2). 
Accordingly, the Wisconsin System for Instructional Management (WIS- SIM) 
Is being developed as a generalized scheme of computer support for the 
instructional management needs of IGE schools (Spuck, Hunter, Owen 
and Belt, 1975, page 21) . It is within the framework of WIS- SIM that 
a computerized grouping procedure fits. 

Based on considerations of schemes of individualized instruction 
such as IGE, it. seems that the grouping procedures involved should be 
economical of teachers' time and should have the capability of forming 
mutually exclusive groups, each of which has members who are maximally 
similar with respect to specified characteristics related to 
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instructional needs. 

This study was concerned with the formation of groups of students 
and specifically addressed the problem: Can a numerical procedure 
be developed which assigns students to instructional groups, which 
maximizes the homogeneity of these groups when this is based on 
relevant student learning characteristics and which takes account of 
realistic constraints on resources such as numbers of groups and 

sizes of groups? 

The procedure developed to solve this problem was mathematical 
in nature and involved utilizing computer technology in its implementa- 
tion. The study itself comprised the development, application and 
evaluation of the procedure. 

Grouping students ' for instruction is but one aspect of the 
instructional program about which decisions are made by school personnel 
These decisions can be expected to reflect the educational philosophies 
of those involved in their making and are specif ically influenced by 
earlier decisions made in the areas of diagnosis of student needs, 
formulation of objectives and selection and' or of content; 

and learning experiences. Therefore, the further expectation was that 
the solution to the above problem would be based on an analysis of 
the specific educational environment within which the solution was to 
be applied. The procedure developed in this study aimed to facilitate, 
in part, the management of individualized programs of Instruction, 
the features of which are now described to support the significance of 
theVproblem as well as its further clarification. 



Significance of the Problem 

The significance of the problem derived out of a farther con- 
sideration of some features of individualized instructional programs 
alluded to m the introduction, in particular, the problem' s signifi- 
cance was supported by (1) the central role of grouping practices in 

individualized instructional prpgramEi, (2) the need for ^^^^p^^^ 

instructional decision-makers with more relevant information on which 
to base groupings, and (3) the need to provide more efficient and 
effective procedures in the formation of the groups. 

Brueckner and Grossnickle (1968, page 89) pointed out that 
Individualization of instruction does not imply that the instruction 
must be so organized that each individual works by himself on a 
specific task, but that actually certain capacities of the individual 
are stimulated by association with others. If this point of view is 
accepted, one does not reach the conclusion that the wide range of 
differences found in typical classrooms makes grouping impractical. 

Grouping and regrouping Vithin a classroom for instruction in 
particular subjects is an accepted and recommended practice (Martin 
and Pavan, 1975, page 311). Wright (1972, page 76) suggested that 
student grouping Willi continue to be an acceptable practice in edu- 
cational institutions, but like Martin and pavan recomasfinded that 
groups be formed for specific purposes and maintained only so long as 
these purposes remain viable. Given the validity of these recommenda- 
tions and the diverse and comprehensive curricula of modern elementary 
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schools, one can expect that individual students will belong to a 
variety of groups even over a relatively short period of time. Keeping 
track of even a single student becomes a considerable clerical task, 
and ona that can prevent the classroom teacher from spending more time 
on the important matters of instructional programming and teaching. 
Consideration for this feature of individualized programs draws atten- 
tion to the logistical problems involved in manually forming and reform- 
ing groups for different instructional purposes. Most of these problems 
relate to routine matters of record keeping and information retrieval, 
difficulties which are accentuated by both the scope and amount of 
student related information considered to be essential for the formation 
of instructional groups. 

In the past, most instructional models for optimizing instruc- 
tion have utilized limited performance data for adapting or individual- 
izing the instructional process. However, there Is good reason to 
believe that a. truly adaptive instructional decision model should 
incorporate affective as well as cognitive response data in order to 
fully optimize the instructional process for the individual learner 
(McCombs, Eschenbrenner, O'Weil, 1975, page 47) . affective domain 

typically deals with attitudes, values, interests, and personality 
traits. In addition, it Includes motivational traits (aruciety and 
curiosity). Considered important also are the students' current 
reactions to instructional variables such as content, presentation 
style and difficulty level. The use of all or .even some of this 
information in the grouping process requires both summarization and 
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computerization. A system capable of synthesizing large amounts of 
relevant information while being efficient of teachers' time is e. 
requirement of individualized instructional programs. An automated 
grouping procedure which is part of a generalized automated instruc- 
tional management system is likely to prove more useful than manual 
systems currently employed. Generalized automated instructional 
management systems such as WIS-SIM possess the capability of inclusion 
of a grouping procedure which takes account of learner characteristics 
such as those referred to above. The WIS-SIM model in ^iarticular has-, 
been conceptualized so as to take into account for instructional 
purposes a wide range of both subjective and objective information 
such as aptitudes, learning style, and learning handicaps. 

Traditionally, grouping procedures have been a subjective result 
of some objective measurement process. Student records in various 
subject areas are obtained from a variety of sources; for instance, 
previous grades, teacher evaluations and standardized tests. The 
administrator then sets a few basic decision rules, and groups or 
clusters students on this basis. The effectiveness of this procedure is 
open to question: Are the resultant groups in any sense maximally 
homogeneous? Given the desirability of using a greater volume of more 
relevant data in the grouping process, both the impracticality and 
the subjective nature of a manual grouping process are likely to prevent 
the formation of groups which are sufficiently homogeneous to attain 
the purpose of the grouping. A more objective grouping procedure may 
result in a greater degree of homogeneity with the use of statistical 
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and computer technology. These technologies are presently available 
dnd await their adaptation in the implementation of individualized 
programs of instruction. 

Not only should systems for the grouping and regrouping of stu- 
dents take account of various relevant learner characteristics but 
they must operate within realistic limits on resources. Consideration 
of constraints such as the number of groups, the sizes of these groups 
and the prior performances of individual students in particular 
instructional programs not only makes the problem more relevant for 
schools implementing programs of individualized instruction, but also 
makes the problem's solution more complex. 

The solution to the problem of efficient and effective formation 
of groups for instructional purposes appeared to warrant the use of 
statistical and computerized procedures. Such procedures have the 
capability of providing for (1) the efficient storage and processing 
of student related data, (2) the availiability of grouping recommenda- 
tions upon request and (3) a high degree of homogerielt^^^^^^^^ group 
membership. 

Because computerized management procedures had found little 
application in the administration of programs of individualized 
instruction and the use of numerical grouping procedures even less 
so, it was considered that a successful joint implementation offered 
the possibility of their more extensive use both in the grouping of 
students for instructional purposes and also in other educational 
problems where classification is necessary. 
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-The ^precise formulation of the problem wass daj>eodent apon- an 
analye!2©Q.^ tite educatic»s£ aEO^iconment -Rlthin Which «as astL. This 
anaiyai* r resented in the w^Tt three sections, the fSxst of ^hich 
is concerned with the role of igCTUptng in indivi«ij»Hzed instructional 
program: 

©aiuping Within Individualized Programs .^f Ixtsnvacs^aa. 

Th^ section seeks to clarify the purposes of grouping Htudents, 
to identify the components of acceptable grouping practices and on the 
basis of this analysis to derive an initial set of criteria to be met 
by an automated grouping procedure. 

A philosophy of grouping is closely related to attitudes towards 
education and individual differences; thus, the position one takes on 
grouping is primarily dependent upon one's basic conceptions of the 
nature of the individual and. of the purposes of education. Given that 
this is so, grouping procedures shoul£ be ^ b^^^^ into harmony with all 
the major objectives of education. So conceived, the problem of group- 
ing students for instructional purposes is basically as broad as the 
accepted objectives of education. 

Yates (1966, page 97) referred to grouping as a device for achiev- 
ing a better fit, congruence or relationship between students and some- 
thing else. This somethinjg, else could be the teacher, the task or 
activity, some set of common purposes, or a generalized social role. 
All schools group students for instructional purposes. It is not only 
necessary for practical purposes, as in the sharing of scarce learning 
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resources, . iHi ies±**&le for educational reaas>fjs that students bt& grouped 
for insttiuctiiw ^^i^ significant portion of toeir time at schooE, 

The «^4^.atiam *f grouping is not one of iiesirability but one of 
determining «Siat sry^tam of assigning pupils andi teachers to instnac- 
tional sparssf^ Hit Ufest facilitate the accomplishment of 6chool-«i.de 
goals and ia**f^mfli^>tal objectives for leamsaES. 

GrouiM pjtacredures can themselves be iusefuUy subdivided J;nto 
two types, ss' ft vdffttiaEd from. the purposes for which the groups were 
initially fc-rmis. fine type has as its purpose the teaching of subject 
skills on th ledi^Ii of the child's needs and the other grows out of an 
awareness of r s need of the students in a democracy for actual practice 
in living and worsting together efficiently and happily. The former 
groups may be referred to as being homogeneously formed with respect 
to some goal, the latter as being heterogeneously formed. To expect 
perfect homogeiieity of individuals within a group is unrealistic and 
can only be -aitisSia^ when grmp . members are identical in terms of a 
continuous scafe a^th maximum homogeneity of group membership as one 
end point anil aadbainmm homogeneity or maximum heterogeneity as the 
other end point. 

The essential difference between the two basic types of groupings 
is therefore the: ade^ee to which the similarity of group members is ^ 
emphasized vifaen tEcis similarity is measured in terms of chosen learner 
characteristics air:nEeds. Homogeneous grouping refers to the organiza- 
tion of stuEients on the basis of student similarity on one or more 
specific characteristics. The criterion for this classification may be. 
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for eaample, age, sex, IQ, achievement or a combintcion of thsae or 
other variables. Alternatively, heterogeneous group±B«8 inclnaia a 
diverse mixture of children who differ on one or mcsste variables,. 
This practice results from the hypothesis that in Es,«isr3»»bjeccs, varied 
levels of maturity and experience may contribute BS>i;esi3D the learning 
process and that interaction of varied age groups msrsajntribute to 
social growth and - understanding as well as to acadeaassr growth. Con- 
sequently, pupils are sometimes grouped he terogeneausly as a mafcter of 
deliberate policy. In the United States, heterogeneous grouping owes 
much to John Dewey's influence. He maintained that a .school claas 
should ideally be a society miniature, containing the; same merging of 
social classes and levels of ability as one found in the adult 
community. This special significance of grouping in a democracy was 
recognized by Petty (1953, page 17) and Hildreth (1962, page 286) who 
stated that skUl in group giving is not learned by chance but is 
definitely planned for in the elementary school and that group 
activities help children learn the value of orderly procedure, taking 
turns, working with a leader, contributing to and sharing in. a icomnon 
cause. Given the validity of these arguments, a complete grouping 
procedure should facilitate the creation of groups suSicienfcly hetero- 
geneous to meet the purposes of the grouping as speciSed by those 
responsible for the formation of the groups. Such purpoara may be 
best attained by the random selection of group members. Ihe zandom 
assignment of students to groups is of courses the anttthesis anE the 
creation :of homogeneous groups of students, which topic is: saeoct discussed. 
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A ^common assumpticsi ±n the: foisaation of homogene«#i^ groups is 
tisast a isacher can more madily adapt iaistruction to dfgm^ nces among 
stxaaeirte liJhen the orange of odlffeiaHncCT^ within a class J:S3^a«iuced. This 
rs^so laecause group teaching becawee mre manageable wfaeiL-tiie members: 
or a group have more characteristics ioi common. Such ipcoupasng makes it 
prasiMe ifor the teadier tx> adaplrnnethods and materials more closely 
to the level ?mo St appropriate for the students. 

Teachers often subdivide their i:classes to facilxtats instruction. 
Subgrouping has been more apt to occur in heterogeneom t^fiemes than 
in ability grouped classes since teachers have employed! Lir 12^ 
vcrthin group koosogeneity when this is based on ability:xnr achievement 
data. 

Su:ch subgroupxng is most common in elementary schools and is 
used most frequently with instruction in the skill areas of .reading, 
spelling, and arithmetic. It is also used when: cainduc ting pitoject 
activities- in science and social s^aidies. 

Deig^iilt and^iewall (1970, ^age 418) noted: that ::mathematicsi 
seems to fee one areai of study whidt can be undertaken wiithoinit major 
concern for the rdSfe of one' s peer: group. They xiaimed ihat the degree, 
of 5)artlcipatia3a:gH: thlSikind of group structuring act i^ty would seent 
to:: be ^aa ijnportant: ^justalRLe parsaBEtex of the fulEy imiividuatized 
l^acifeg^ienvironmenit. Sannmg hoiaogeneoas groupsMocf zasaidents for 
txa!Stxm:£±on in reading iisi ra commonn^ractice in elaanentaEgr schools ^aad 
tfe subject has received considerablle^ attention Itr the girofessional 
Literature, petty (1953, page 39) noted the primary considerationrin 
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hamogerrasifily grouping 8tude*?.ta for instruction in reading a8 being: 
pi) the istatructional readiOi^ level of the students, (2) the genetfal 
^r....:.,^ l£vel of the sinBsmss, (3) the specific needs of students 
emfaaasffiijag language skilis,--x=oncepts, critical reading, social adjust- 
ment reccycher learnings vasyfcng all the way from word recognition to 
rec!£gsn±sation of informatfaaai. 

Jteceptance of the saKlonale for forming maximally homogeneous 
groaps of -studsnts for specSEtc instructional purposes especially 
aa ttfaes& tjccur in the skilll. subjects in the elementary schools, required: 
its ^incOiufli-on J;n a set of criteria to be met by an acceptable grouping 
proKedure;. Ibe first such criterion recommended the-formation of 

hamogea^Euis groups, 

c^riterlgn r. A tiumerical j^rouping procedure should provide 

ilar the. ccxeatSnn of maximally homogeneous groups. 

In th3fcT.92Cr.'s.a!iiBi 1930's many studies attempted to compare 
fetercfgeneous silth h%«Qpneous group ings . Hetera^eous grouping was 
cfflaanmly baaeS on: a Ji^oasian by chronological ^e.; rfaomogeneous .grouping, 
cat «aBids3:di2ed cs^ciSi -mental ability, of ten tcomhined with measures 
»S£ ashievemeEEt- -ThesautcsBnes (of the ^elated research are inconclusive 
^j^^d^nxt^ (Heathers, 11969., page 2) . What noW ^^ma to be clear 
3S'.3aat.^aigr^c3anet othsE than the heterogenetty orahomogeneity of 
xadiE Tgroupi-n^ weiE J3ivob^ What the studies .seemed to show us was 
thJffltc teaching approximate^ the same subject matter in approximately 
tfei same way produced appiaximately the same results whether ability 
grouping was used or not. These grouping practices were often based wn. 



16 



the assumption that by chaoslag the proper grouping criteria, the 
variation of individual diSfersnces within the classroom group could be 
reduced significantly, and by bd doing, enasble teacters to teach more 
effectively. The faes^ ase tSist whatearef the criteria, a reduction 
im variability of a ;group SiFaiDre than tweoty percejEt is unlikely 
(Blathers, 1969, page 10) . Neither does abitiity giaauping alone enable 
teachers to ax£ate optimum-learning situations. So calleirability 
grouping tends to set avi&rmvy patterns «hich restrict rather than 
encourage pupils to makei fEmEl use of their indisdidoal potentiai. 
Grouping on the basis of ^l±ty meastrres to cisate fixed groups over a 
range of subject areas has generally b^n superseded by individualized 
instructional progjams in which flexibiiity of -the groupSng a=ange- 
ments reflect the tmtsre individualized: goala of xte programs. 

Cbasideratlc?t <s^ the above argument suggested a further criter- 
ion of acceptability fer a grouping procraJure: 

criterion iA -numerasal group in:g:procs34tir& .should ipemat tfae 

stoas^Kof dlittaEser «^ selections ca!n:::be;3BaE to meet 

different:- liBEtetxictasEsnal - purp o ses . 

In the tsi'xties and :^ly seventies a number of educational 
imnovHtians were cried in;:u: lass rooms across the OBtLted States. Among 
the. be8t2iknown .:are nongradedness, team J^eaching, vertical or hfttero- 
geneous grouping of students, and the use of op ew .space jschd^l %»ilding 
desi^o^ 

ate- mast widespreadrrp Ian for cont inuousirndiMidualizediipaaagress 
±n::^riraol iis the nongraasirschool. The staff :w3.1iza t ion pla^^^^ has 
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done most to implement the nongraded s^ool is "cooqperald^ve teaching." 
This includes any plffin: lirhereby two lor aiore teacbers work with the 
same group of studentH^ In this fcsar of associative teaching, 
several teachers have joint responsibility for a conmoa group of 
students. The vaxicw» patterns of coaoperative teachiirg all make pea- 
sible flexibility Jji grouping pxact±c5e». They aasume a way of Working 
that permits the t^mi tro make decisloiss about group size and composi- 
tion as well as teas^ier roles that comtribute to the anost effective 
learning situation* 33tey ipermit teacSKra :to otiiizes whatever size 
and type of group whidtt seem warcanced for gl-aen kiin& of .instruction. 

Trends in school l)uildlng; design also reSenctr cfaaaiges in organ- 
ization towards nongradfi^ «*emES a£ liiiSsrlduaEEszei ^a^^ 
There appear :to be taa© Win treaais away from^ the ^caBorentzional type of 
school planning: (11) a. ouSLdi^^rOT^ deMbeCTS^ay «aters to a very 
wide range: of grnup JsisaSia and ^3:Bim^ sBti:±v£t±ea:^ m ai building which 
is not based on lany pac2Siificular:::S»arfi^^ during 
its use tor^a wide ran^ xxf learning acarLvi ties. Tlws potential range 
of spaces required for learning was^ brafeen down :taCP f iwe categories 
by Yates (1966., ps^ 113) : tho^ rsqfadxed by 

(1) aa ^^^l"gM:vl ^f ^wa^^ nrtrrl-d * 

(2) sma;]3L ^mmpsi af tt^^ iSswt:: clearly below 
thei cconvsnt lonaL iclaHS-^ : si Ta B: , 

(3) a rgroiqt^ich^^l^^^^^^ tar akimt the conveii^E:onal class sizej 

(4) groups ^h±ch :are=nnoticab:]^ larger than tise conventional 
cla8SiiB±ze , of ff^ :&S^ '^imoTei j 
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(5) a large assembly which may range up to the whole enroll- 
ment of the school. 

With specific regard to instructional grouping, the literature 
identified four basic grouping patterns—independent study, one to 
one, small group, and large group. All these need to be considered 
by staff teachers as they plan instructional activities for students. 
Consideration of student learning styles, needs and interests demands 
that each of these groups be available at some time for all students. 

Consideration of the above factors led to the statement of a 
third criterion of acceptability of a numerical grouping procedure^^ 

Criterion III : The grouping procedure should permit the 
formation of groups, the sizes and numbers of which can be specified 
by those responsible for the formation of the groups. 
Grouping procedures recommended for use with one prominent nongraded 
individualized instructional program- -Individually Guided Education 
(IGE) are now considered. 

Manual Grouping practices in IGE 

Individually Guided Education (IGE) is a comprehensive non- 
graded system of instructional programming, team teaching, differen- 
tiated staffing and decision making. IGE, in part, atten^jts to meet 
the needs of individual students by establishing appropriately sized 
instructional groups. The grouping procedures typically recommended 
in IGE schools include the utilization of data from three basic 
sources: 
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(1) cognitive data from tests, observations, performances, 
and work sain>les, 

(2) personal data on learning styles, 

(3) affective data such as interests, attitudes, and motiva- 
tional levels (Sorenson, Poole and Joyal, 1976, page 37). 

The recommended IGE process of grouping students for instruc- 
tional purposes is complex but generally proceeds as follows: 

(1) identify the objectives; 

(2) analyse the cognitive, personal, and affective data 
obtained on the students; 

(3) assign students to groups, and groups to physical space; 

(4) assign unit staff to groups; 

(5) monitor and evaluate student progress. 

Typically, teachers assigned to the unit of between 100-150 
students specialize in handling the various data (e.g., one teacher 
may be responsible for assembling data on pre- tests, another on 
learning styles, another on interests, and so on. With the respon- 
sibility for preparation of summary data delegated among several 

teacheVsT^sSSiTJ^ (1976, page ,36) .divided^the. 

grouping problem into three sucr^essive stiages: 

(1) Form groups according to assessment data • 

(2) Reconsider groups formed in (1) and/ or form subgroups 
from groups formed in (1) on the basis of learning style j 

(3) Reconsider groups and/or subgroups from (2) above on the 
basis of interests, attitudes, and motivational level. 
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Sorenson, Poole and Joyal (1976, page 38) also provided the 
following illustrative example of the grouping process. The illustra- 
tion involves grouping one hundred and twenty 9-12 year old students 
for instruction in a science topic (vertebrates). 

The teacher who had assumed the responsibility for summarizing 
the assessment data (pre-test results) has already placed the 120 
children in the unit into four groups and has duplicated the names 
of . the students. These appeared as follows: 

(40 students) 1. Students who do not meet the mastery level 
(90 percent) for any of the five classes of 
vertebrates and need work on all of the 
material . 

(30 students) 2. Students who need work on three of four 
classes: mansnals, fish, amphibians, and 
reptiles. 

(40 students) 3. Students who need wort on two of three 

classes: mammals, amphibians, and reptiles^ 

(10 students) 4. Students who meet the mastery level on all 
five classes and^do'lxoTTieed basic work on 
vertebrates. 

The initial grouping step can be expected to take approximately 
five minutes of meeting time. 

The second step in grouping is to reconsider the initial groups 
formed on the basis of assessment scores. In the illustration this 
reconsideration is based upon learning style, but need not be. The 
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teacher "specialist" on learning style and media preference adds the" 
data on Learning sliyie which includes (1) attention span-continuous, 
irregular:, short bursts; (2) sound tolerance— low, medium, high; 
(3) group size— aionfi, one-to-one, small, other; (4) assignment 
type— teacter or student-selected; (5) perceptual strengths and styles 
(preferred fflHdia).. These 40 students fall into three subgroups as 
indicated aDft3Low, The teacher specialist on affective data looks at 
the needs o£: these 40 students and compilss the entire Us 
Doing this, tche students who do not meet the mastery level for any of 
the fiva criasses of vertebrates are subgrouped as follows: 
(10 stnfents) Group A. (continuous attention span) 

(low tolerance for noise) 
Learning (small group (3-13 students)) 
Style (self-selected assignments) 

(a combination of printed and audio- 
visual materials) 



(medium interest) 
Affective (medium motivation) 

(low to medium attitude toward science) 

((17 students) Group B. (short bursts of concentrated effort) 

(tolerated distant noise well) 
Learning (small group) 
Style (teacher-selected tasks) 

(mainly audiovisual and activity- oriented 
materials) 

40 
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(low interest) 
Affective (low motivation) 

(medium to low attitude toward science) 

(13 students) Group C. (irregular attention span) 

(high level of activity/noise) 
Learning (one-to-one and small group) 
Style (teacher-selected tasks) 

(high interest ^ audiovisual materia 
and activities) 

(low interest) 
Affective (low motivation) 

(low attitude toward science) 
The three remaining initial groups formed on the basis of 
assessment are reconsidered in the same manner as above. Reconsidered 
groupings are indicated in the diagram below. 



Group A 
10 students 



Group B 
17 students 



Group C 
13 students 



Group H 
10 students 



Group D 
10 students 



Group G 
15 students 



Group F 
25 students 



Group E 
20 students 
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School areas are then assigned primarily on the basis of groups' 
needs relative to: (1) noise level; (2) heavy use of audiovisual 
equipment; (3) facilities for one-to-one and independent study work. 
Sorenaon, Poole and Joyal (1976, page 41) reported that the assignment 
of students to groups and groups to spaces can be expected to take 
approximately 35 minutes. 

The purpose of the above grouping scheme seems clear as do its 
procedures. However, its efficiency and effectiveness remain dubious. 
Its objective is to form homogeneous groups when similarity is measured 
on such factors as pre-test results, learning styles and interest 
levels. The procedure for forming groups is characteristically 
sequential with subgroups being formed from within previously deter- 
mined groups. It is a decomposition method, the composition of the 
final groups being independent of the order in which the factors are 
considered. The number of groups to be formed is not a prior con- 
straint on the procedure, but "natural" clusters are sought. Judgments 
are made as to where the boundaries of these natural clusters occur. 
Having made judgments on group boundaries, the task of allocating 
students to them is routine and can be expected to be accurately done 
in the manual mode. It may, however, be tedious and time consuming 
considering that the data is most easily analyzed in rank order. The 
example chosen considers only on^ data set (pre-test results) on the 
first sorting into groups. Use of data from more than one test, even 
if this multivariate data is summarized, is more complex and time 
consuming in its analysis. Similar consideriitions apply to the sorting 
at other levels. 
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be the assignment of teachers to groups. As a consequence of this 
constraint, the final number of groups to be used must be deliberately 
chosen by the instructional staff to fit in with teacher availability, 
and teacher competencies to instruct groups with different needs. 
In the grouping procedure described here, this recombining of groups 
or joint instruction of groups by the one teacher is a decision of 
the instructional staff and is based on a knowledge of previously 
identified homogeneous groups. 

The preceding example involved the grouping of students for 
instruction in a particular science topic on vertebrates. Such a 
topic may be one of a set of topics which make up a complete instruc- 
tional program in science. Although not specified in the earlier 
illustrative example, topics may be further considered as relatively 
short-term aggregations of instructional objectives. Within the XGE 
instructional programming model, instructional objectives are the 
most specific outcome oriented statements for goal attainment and 
state for each student what is to be accomplished, at what level of 
expertise and sometimes by when it will be done (Spuck, Hunter, 
Owen, and Belt, 1975, page 7). 

It should be noted that some instructional programs define 
prerequisites at either the topic level or the instructional objective 
level. Instructional objectives or topics within an instructional 
program may be interrelated in predetermined ways, establishing for 
the program a network of prerequisites. If such prerequisites exist 
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vithln a program the objectlvea are sequential. For example, the 
achievement of objectives In a mathematics program Is often sequential 
In nature, with completion of lower* order objecHves^^^^^ 
site for progress toward hlgher-order objectives • Not all objectives 
need be related sequentially, however* Many may be relatively Inde- 
pendent, and can be attained at any one of several points In the 
program of Individualized learning. Some instructional programs are 
characterized by the absence of prerequisites and are therefore non- 
sequential in nature. The earlier Illustrative example on vertebrates 
may be considered as one topic in a sequel 

which may be Interrelated in a network of prierequlsites at the topic 
level. 

Developing Mathematical Processes (I^) and the Wisconsin Design 
for Reading Skill Development (WDRSD), both instructional programs 
developed at the Wisconsin Research and Development Center, contain 
networks of prerequisites at the instructional objective level. 
Networks of prerequisites are best described by reproducing Spuck, 
Hunter, Owen and Belt's diagrammatic illustration (1975, page 25), 




\1 

(a) Network (b) Linear (c) Non-sequenced 

Figure 1-1: Sequencing of Objectives 
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in. a network an objective may have more than a single objective 
as a prerequisite. For example, objective six in Figure la has a8 
prerequisite objectives two and four; obiective six is in turn pre- 
requisite to objective seven along with objective five. The linear 
form (Figure lb) is clearly a special case of the network form. . 
Figure Ic shows the non- sequenced case. Here, no objective is depen- 
dent upon, or prerequisite to, any other objective. 

The Wisconsin System for Instructional Management (WIS-SIM), 
the computer support system which supports IGE, has been designed to 
assist in the management of instructional programs which contain a 
prerequisite structure. Belt (1975, page 6) reported that within 
WIS-SIM the establishment of instructional groups is generally 
accomplished in two steps. 

Firstly, the unit leader or another teacher assesses the over- 
all instructional needs of the students in the unit by examining "Unit 
performance Profiles" (see Appendix F, page 375) for the various sub- 
ject areas under consideration. The Unit performance Profile sum- 
marizes for each student in the unit his past performance in that 
subject area. Secondly, having assessed the overall status of the ^ 
students in the unit, a number of instructional groupings are 
requested from the computer. Each instructional grouping recommenda- 
tion (IGR) consists of three parts. For each instructional group 
(skill or topic) requested, there is an Instructional Grouping 
Recommendation (Group) Report (see Appendix F, page 378) which, in 
addition to listing the students who are eligible, also indicates any 
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previous experience the student may have had with the instructional 
objectives. The second part of the IGR is the Instructional Grouping 
Recommendation (Summary) Report which identifies students eligible 
for the skills requested. The third part of the ICR is the Instruc- 
tional Grouping Recommendation (Omissions) Report which lists students 
who did not qualify for any of the requested ihstructional groupings. 
Students fail to qualify either because they have not mastered the 
necessary prerequisites or because they have already mastered the 
topic. These grouping recommendations are considered at a meeting of 
the teachers of the unit who evaluate the grouping r^coBmendations. 

:in addition to the three- part grouping report^ reports are 
availaEle to the unit leaders in order to establish Jnstructional 
grouper meet the needs of students not included in iSe IGR. The 
Top«c: Deficiency Report (Appendix F, page 381 ) lists the specific 
prerequisite deficiencies which prevented individual students from 
qualifying for placement in a particular instructional group. The 
WIS-SIM reports described above illustrate the significant emphasis 
that IGE places on the establishment of appropriate instructional 
groups to meet student needs. 

From this examination of both IGE and WIS-SIM grouping practices 
as they were currently being used in some schools , it appeared that an 
automated grouping procedure should consider the organizational 
structure of the instructional program being used. It therefore 
appeared that a grouping procedure, to be useful in hierarchically 
sfequenced instructional programs, should result in groups composed of 
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students all of whom have met the instructional prerequisites set for 
the topic to be studied. For programs in which the prerequisite 
structure is not of primary importance, this feature need not be pro- 
vided. This recommendation is expressed in Criterion IV: 

Criterion IV ; The grouping procedure should take into account 
the prerequisite structure of the instructional program when such 
prerequisites help determine the composition of the groups to be 
formed. 

Baators On Which To Form Groups 

The basic data used in a grouping pEoce dure isir^a set of stot- 
dents on whicli we have recorded measurements. The initial choice ssof 
the particular set of measurements used to describe each student 
constitutes a frame of reference within which to establish the group- 
ings. The choice reflects the instructional staff's judgment of ^ 
relevance for the purpose of the grouping and the first question to 
ask when grouping students concerns the variables and whether the 
correct ones have been chosen in the sense that they are relevant to 
the purpose of the grouping. For example, when grouping students for 
purposes of read±i« instruction, it is generally :not sensible to 
include such variables as height, weight, and other vital statistics 
since, the acquisition of reading skills is not considered to be 
dependent upon these variables. It is important to bear in mind that 
the initial choice of variables is Itself a categorization of the 
data which has no mathematical or statistical guidelines, and which 
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reflects the investigator's judgment of , relevance for the purpose of 
the grouping.' 

Everitt (1974, page 12) noted that researchers in the natural 
sciences take a unique approach to this problem cthrough the "hypothesis 
«f nonspecificity." Briefly, it is assumed that the grouping struc- 
ture (considered as inmconstrained) is dependent on many variables, 
any single one of wiarch can be deleted or added without noticeable 
ef fect. As a conseasence, numerical taxonomy :or: clustering investiga- 
.tions often involve huge numbers of variables. On the other hand, 
•behavioral and social scientists, statisticiana,. and engineers strongly 
emphasize parisoiny and seek to minimize the number of measured var- 
iables. This approach puts a premium on wise selection of variables 
both for relevance and discriminating power. 

Lockhart and Listen (1970, page 8), when commenting on the 
clustering of data in microbiology, cautioned about types of variables 
on which not to base the formation of groups. Their advice, although 
directed towards a non-educational field, is pertinent in considera- 
tions of relevance and discrimination. , 

1. Meaningless characteristics which do not have proven direct 
or indirect affect on the purpose for the grouping should not be 
considered. 

2. Characteristics positive, negative or very much of the same 
magnitude for all units in the original group should not be included 
in the list of factors on which to form groups as they do not provide 
useful discriminatory information. 
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3. Redundant characteristics should be avoided. Inclusion of 

a aeries of obviously and closely linked or correlated characteiJ-stics 
will not provide very much extra discriminatory power in the formation 
of groups. 

4. It is-mandatory that precise methods and exact definitions 
be employed in^testing. Vague terms are inappropriate for identifi- 
cation purposes and inappropriate for computer coding. Presence/ 
absence, positive/negative, character states representing exact 
categories for i.quantitatlve character rankings on variables or 
variables capable of interval or ratio measurement are best for 
coding. 

The selection of factors on which to form instructional groups 
should be based on these considerations of parsimony, relevance, and 
discrimination. Already the review of grouping procedures in the 
previous section has led to the identification of several relevant 
factors or sets of factors. These include achievement scores, learn- 
ing styles and interest levels as reconnnended in the IGE literature 
(Sorensoni Poole, and Joyal, 1976, page 11). Although it cannot be 
claimed that the use for grouping purposes of these factors is wide- 
spread, nevertheless, a grouping procedure should make provision for 
their use. particularly, consideration needs to be given to their 
measurement and the effects of compounding their measures into indices 
of similarity. 

According to their purposes, teachers may choose to group 
children by a number of different criteria such as: aptitudes, 
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achievement, interest, sociometrlc choice, and theiOask at hand 
(Sorenson, Poole and Joyal, 1976, page 12). 

Aptitudes 

Aptitude is potential ability for achlevemettC. Abilities in 
the sense of special aptitudes are frequently crifSsda for grouping. 
Students with comparable aptitudes for a foreign language, for example, 
may be placed in the same language groups, studeifcs with comparable 
physical abilities may similarly be grouped into teams for sports 
activities. 

The moat conmonly used criterion involvittg ability, however, 
is probably that of mental ability, SlaniCal ability as measured by 
scores on standardized testa is; xareLy used as auatile criterion for 
grouping. Inmost cBassea where teachers considersmeotal ability 
test scores as a basis ifer grouping, ^achievement scores .are also taken 
into account. Social- 8n:udie8 groups, for instance, may be based on 
mental ability and reading achievement as well as past grades in 
social studies. 

Achievement 

Achievement tests measure the present proficiency, mastery, and 
understanding of general and specific areas of knowledge. Achievement 
tests are either standardized or specially constructed tests. Stan- 
dardized achievement tests can also be classified into general and 
special tests. General tests are typically batteries of tests that 
measure the most important areas of school achievement: language 
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usage, vocabulary, reading, arithmetic, and social studies. Special 
achievement tests are-testa in individual subjects such as history, 

science, or English, 

perhaps reading achievement data has been most frequently used 
as the basis for classroom grouping. It has been used not only to 
determine reading groups, but also for groups in social studies and 
other subjects. 

Achievement data from the curriculum area in which the groups 
are to be formed is commonly utilized, and in IGE a further breakdown 
within the curriculum area according to the instructional objectives 
is frequently necessary. For example, a student might have high 
achievement scores in mathematics in sets and geometry, but medium 
to low scores in computational areas. 

Interests ' 

AS a criterion for grouping, interest takes into account an 
important dimension of learning that grouping by ability and achieve- 



TeTTmaT'r^lect-na^ely, m^tl^tion. If a child is to be motivated 
to use his ability, he must be interested in the task at hand. Many 
teachers, understanding the role that motivation plays in learning, 
group for interest. Students interested in learning about verte- 
brates, for example, will be more likely to work effectively if 
grouped together than if forced to choose some other science topic in 
which they have little interest. Interest inventories useful in 
measuring interest in different areas employ criterion keying of items. 
The assumption is that the subject's responses to a set of items. 
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presumably representative of particular vocations or areas, indicates 
his interest level in that area. His responses are then compared to 
the responses of members of the various vocations or areas. The 
Kuder preference Record (Anastasi, 1961, page 538) yields a profile 
of responses measured as percentiles along scales each representing 
a particular vocation or area. 

The measurement of the attitudes and values of studaits for 
purposes of forming instructional groups does not seem to be reconanended 
in the literature. However, objective tests are available for these 
purposes and most often result in ordinal level measurements. Their, 
use for grouping purposes does not seem to pose any unique difficul- 
ties, 

Sociometric Choices 

This is another basis for grouping. By informal means and by 
using sociograms, teachers are able to analyze the patterns of social 
interaction in their classes. Then can identify the students who 



are at the center of clique groups, the students who make mutual 
choices, and those who are isolated. They are aware of the roles 
different children play in different classroom groups. 

Teachers can use their sociometric knowledge to help place 
apparently isolated and rejected children in group situations where 
they are most likely to interact effectively vith others. 
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Learning Style 

Learning style is variously defined in terms of factors which 
aid the learning of individual students. For example, Bechtal (1971, 
page 46) defined learning style in individualized instruction programs 
as "those factors that ease and facilitate learning for an individual 
student in a given situation. Dunn and Dunn (1972, page 29) provided 
the following twelve elements of learning style as identified by use 
of an observation schedule with each element measured on a Likert 
scale. 

1. Time most alert 

2. Attention span 

3. Tolerable noise level 

4. Type of sound 

5. Type of work group 

6. Amount of pressure 

7. Type of pressure and motivation 

8. place 

9. physical environment and conditions 

10. Type of assignments 

11. perceptual strengths and styles 

12. Type of structure and evaluation 

Hunt and Sullivan (1973, page 221) proposed three categories 
of learning style based on a conceptual levels dimension that ranges 
from a very concrete level at which the person is unsocialized and 
capable of only very simple information processing to a complex stage 
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where the person is self responsible and capable of processing and 
organizing information in a complex fashion. Hunt and Sullivan 
utilized a written response test which they use to categorize the 
learning styles of rr^pondents. 

:The ffitchita public Schools System in Kansas (1975, page I) Is 
developing an instrument to measure learning style in three broad ' 
categories of (a) information-gathering/receiving, (b) social work 
conditions, and (c) expressiveness preference. Within each of these 

areas are subtopics as follows: 

(a) The area of information gathering/receiving considers: 

1. Auditory Language: The way a student hears words; 
processing' spoken words; . 

2. Visual Language : The way a student sees words ; 
processing written language. 

3. Auditory Numerical: The way a student hears numbers; 
processing spoken numerical values. 

4. Visual Numerical: The way a student sees numbers; 
processing written numerical values. 

5. Auditory-Visual-Kinesthctic: The way a student learns 
by doing or involvement. Emphasizing the experiencing 
or manipulative learning style which is almost always 
accompanied by either auditory stimuli, visual stimuli, 
or a cotcibination of both. 

(b) The area of Working considers whether a student likes to 
work or learn in a group or alone. They are appropriately 
titled as follows: 
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1. Group learner: A student who likes to work with at 
least one other person when therfe is important work to 
be done. 

2. Individual learner: A student who works and thinks 
best alone. This student is usually a self-starter and 
frequently finds working with other students distracting. 

(c) The area of individual expressiveness considers how a 

student prefers to express himself. Basically, they fall 
into one of these two broad categories: 

1. Oral expressive: A student who prefers to say what he 
knows. Usually, answers or explanations are better 
given orally; however, some students may indicate this 

preference simply because they are too lazy to write 

— - t 

things down. 

2. Written expressive: A student who prefers to write down 
answers or explanations. Students who exhibit a 
reflective cognitive learning style may prefer this 
method. 

The Kansas instrument, currently being developed, requires the 
administration of a twenty-minute objective test. The administration 
can be given to a group and results in scores on each of the nine 
dimensions. Scores 33 through 40 are considered as indicating a major 
learning style, scores from 20 through 32 as a minor learning style 
and below 20 indicates the student uses this style to a negligible 
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Measurement of Factors Used in Grouping 

Ability, aptitude, achievement, interest and learning style 
test scores are ordinal. They indicate the rank order positions of 
the students. The scales used in their i ssting neither have equal 
intervals or absolute zeros. Therefore, strictly speaking the statis- 
tics (e.g., similarity indices) that can be used with ordinal scales 
do not include statistics such as r, t, or F. However, as Kerlinger 
(1973, page 440) noted in the measurement of preferences and atti- 
tudes, for example, the neutral points of a Likert type scale can be 
considered natural origins. Furthermore, Kerlinger (page 440) adopted 
a pragmatic viewpoint about making the assumption of equal intervals 
measurement for data which are strictly speaking ordinal. He opines 
that the assumption works. It is probable that moat psychological and 
educational scales approximate interval equality fairly well. However, 
in making this assumption, care must be taken in (1) noting scales 
which possess gross inequality of scale and (2) in the interpretation 
of the obtained measurements. 

From the foregoing description of relevant variables and their 
measurements, the data set used in grouping students can be expected 
to be heterogeneous; tha* , of the same type but of different scales 
(Hartigan, 1975, page 50). Although it appears likely that the most 
commonly occurring scale will be ordinal (perhaps considered as an 
interval scale), it is possible that a categorical scale may be 
required in the measurement of some variables. This likelihood found 
expression in the following criterion of acceptability for a grouping 
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procedure. 

Criterion V , The grouDinc? procedure should permit the selec* 
tion and use of data measured on different scales as this is considered 
relevant to the purpose of grouDinR, 

A brief summary of quantitative models for grouping used in 
some non-educational areas follows. These clustering techniques, 
already introduced in section 1-1, will be examined for theit purposes 
and characteristics in an attempt to ascertain their relevance to the 
problem of grouping students for instructional purposes. This survey 
will be preliminary to a detailed examination of those techniques, 
considered as being most relevant in the solution of the problem. 

Numerical Grouping procedures 

Certain numerical grouping procedures which had been found use- 
ful in other areas of study were considered to be potentially useful 
for instructional purposes. These grouping procedures can be based 
on student characteristics and produce sets of possible groupings. 
Some procedures take into account constraints such as numbers of 
groups, ''Cluster analysis" is the generic term for these techniques 
which are useful in the analysis of multivariate data and which result 

the grouping of similar objects. Some of these clustering tech- 
niques attempt to solve the problem: Given n objects or individuals, 
each of which is measured on each of p variables, devise a classifica- 
tion scheme for grouping the objects into g classes such that the 
similarity between pairs of objects in the same group is greater than 
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between pairs of objects In different groups. 

The need for cluster analysis has arisen In a natural way In 
many fields of study — the life sciences (e.g., botony) , the behavioral 
and social sciences (e.g., psychology), the earth sciences (e.g., 
geology), medicine (e.g., psychiatry), engineering sciences (e.g.» 
pattern recognition) and the information and policy sciences (e.g., 
information retrieval). However, it is only since computers, which 
can take the burden of the very large amounts of computation generally 
involved have become available, has much attention been given to 
clustering procedures. Consequently, this field of study is as yet 
relatively undeveloped, and mathematical statisticians only recently 
have begun to formalize clustering procedures of which there are 
numerous examples (Anderberg, 1973; Everltt, 1974, and Hartlgan, 1975). 
Since the use of clustering procedures in education had been infrequent 
(Baker, 1972, page 1 and McRae, 1971.(b), page 3), little was known 
regarding their utility in forming groups for instructional purposes; 
however, given the Importance of grouping students for instructional 
purposes, the examination, selective application, and evaluation of 
clustering procedures seems warranted. 

Clustering techniques have been classified into types by 
Everltt (1974, page 7) as follows: 

1. Often a hierarchy of clusters is sought, rather than one 
level of clustering. In the hierarchical techniques , the classes 
(clusters) are themselves classified into groups, the process being 
repeated at different levels to form a tree or family of clusters. The 
tree may be represented dlagranmatlcally as a dendrogram. 
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2. Optimlzatlon-partitioning techniques which depend upon 
establishing clustering centers and which then grow in size by 
merging other objects into the clusters. The central idea in most 
of these methods is to choose some initial partition of the objects 
and then alter cluster memberships so as to obtain a better p£';:tition. 

3. Density or mode-seeking techniques attempt to compare 
relative distance between entities (considered as points in metric 
space) and to search for continuous relatively densely populated 
regions of the space surrounded by continuous relatively empty 
regions. 

4. clumping techniques / unlike most classification techniques, 
permit an overlap between the clusters. The clusters produced by 
these techniques are not mutually exclusive; that is, an entity may 
be a member of more than one group or cluster^^ 

5. Other methods which do not fall clearly into any of the 
four previous groups; for example, factor analysis and discriminant 

function analysis. 

These types of clustering techniques are now briefly described. 
In the descriptions, "entities" are the individuals or objects which 
are to be placed into groups or clusters. 

Hie rarchical Clustering Techniques 

Hierarchical techniques may be subdivided into agglomerative 
methods which proceed by a series of successive fusions of the N 
entities into groups and divisive methods which, p^^^^ the set of N 

entities successively into finer partitions. The results of both 
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agglomerative and divisive techniques may be presented in the form of 
a dendrogram, which is a twor dimensional diagram illustrating the ^ 
fusions or partitions which have been made at each successive level. 

Agglomerative Methods 

The basic procedure with all these methods is similar. They 
begin with the computation of a similarity or distance matrix between 
the entities. For example, a very comnon similarity coefficient Is the 
product moment correlation coefficient, and perhaps the most common 
distance measure is Euclidean distance; 

At any particular stage the methods fuse individuals or groups 
of individuals which are closest (or most similar). Differences 

between methods arise because of the different ways of defining 

distance (or similarity) between an individual and a group containing 
several individuals, or between two groups of individuals. Some of 
the methods are only really suitable for use when a distance matrix is 
used as the starting point, and where this is so it will be noted, 
several agglomerative hierarchical techniques are now described and 
for convenience the description will be in terms of distance measures, 
(i) The Nearest Neighbor or Sing le Link Method 
This method can be used both with similarity measures and With 
distance measures. Groups initially consisting of^single individuals 
are fused according to the distance between their nearest members, the 
groups with the smallest distance being fused. Each fusion decreases 
by one the number of groups. For this method, then, the distance 



60 



42 



between groups is defined as the distance between their closest mem- 
bers. Everitt (1974, page 9) provided the following example in which 
five individuals are to be classified, and the matrix of distances 
between the individuals, namely Dj^, is as follows: 



°1 = 





1 


2 


3 


4 


5 


1 


0.0 


2.0 


6.0 


10.0 




2 


2.0 


0.0 


5.0 


9.0 


8.0 


3 


6.0 


5.0 


0.0 


4.0 


5.0 


4 


10.0 


9.0 


4.0 


0.0 


3.0 


5 


9.0 


8.0 


5.0 


3.0 


0.0 



(In this matrix the el^tment in the ith row and jth column gives the 
distance, d between individuals i and j.) 

At stage one of the procedure individuals 1 and 2 are fused to form 
a group, since d^^ smallest entry in the matrix D^. The distance 

between this group and the three remaining single individuals 3, 4, an^ 5 



are obtained from as follows: 



^^(12)3 


= min 


[d^3,d23] 


= d23 = 


5. 


0, 


^^(12)4 


= min 


Idi^.d^^] 


= '^24 = 


9. 


0, 


^^(12)5 


= min 


[d^3,d23] 


= ^^25 = 


8. 


0 



A new distance matrix D2 giving inter^individual distances, and group- 
individual distances may now be formed. 
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(12) 
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(12) 


0.0 
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8.0 


3 


5.0 


0.0 


4.0 


5.0 
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9.0 


4.0 


0.0 
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5 


8.0 


5.0 


3.0 


6.6 



The smallest entry in is d^g which is 3.0. and so individuals 4 and 5 
are fused to become a second group, and distances now become 

^12)3 ' (as before) 

^12)(45) t'il4''^15*'^24*''25l = ^^25 " ^'^^ 

d3, - 4.0 





^(45)3 


=s min 


tS4 




arranged 


in a matrix D 


3* 








(12) 
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(45) 




(12) 


0.0 


5.0 


8.0 


°3 = 


3 


5.0 


0.0 


4.0 




(45) 


8.0 


4.0 


0.0 



The smallest entry now is d^^^^^ and so individual 3 is added to the 'group 
containing individuals 4 and 5. Finally fusion of the two groups at this 
stage takes place to form a single group containing all five individuals. 
The dendrogram showing these fusions appears below: 
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Figure 1-2: Dendrogram Using Single Link Method 

This technique seems to have been first described by Sneath (1957), 
and later by Johnson (1967) . 

(ii) The Furthest Neighbor or Complete Linkage Method 
This method is exactly the opposite of the single linkage method, 
in that d^.^tance between groups is now defined as the distance between 
their most remote pair of individuals. This method can also be used 
with similarity and distance measurer. 

,(iii) Centrold Method 

In this method, groups are depicted to lie in Euclidean space, 
and are replaced on formation by the coordinates of their centroid. 
The distance between groups is defined as the distance between the 
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group centroids. The procedure then is to fuse groups according to 
• the distance between their centroids, the groups with the smallest 
distance being fused first. Again, this method can be used with both 
similarity and distance measures « 

(iv) Group Average Method 

This method defines distance between groups as the average of 
the distances between all pairs of individuals in the two groups. 
Sokal and Michener (1958) used this average as a measure of distance 
between an individual and a group of individuals, while Lance and 
Williams (1966, page 60) extended it to a measure of distance between 
groups. 

The procedure can be used with similarity and distance measures 
provided the concept of an average measure is acceptable. 

(V) Ward's Method 

Ward (1963, page 236) proposed that at any stage of an ^analysis 
the loss of information which results from the grouping of individuals 
into clusters can be meas\ired by the total sum of squared deviations 
of every point from the mean of the cluster to which it belongs. At 
each step in the analysis, union of every possible pair of clusters 
is considered and the two clusters whose fusion results in the sQiGiESJim 
increase in the error sum of s-^uares are combined. Everitt (1974, 
page 15) provided the following example in which five individuals are 
to be clustered ^on the basis of their values on a single variable 
using this method of cluster analysis. The values of the variable 
for each of the five individuals are: 
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Variable 
Value 

1. 1 

2. 2 

Individual 3. 7 

4. 9 

5. 12 

The error sum of squares (E.S.S.) is given by: 

E.S.S. = X Vn<^V 

where is the score of the ith individual. At stage one, each 
individual is regarded as a single meniber group and so E.S.S, is 
zero. The two individuals whose fus:?,on results in the minimum 
increase in E.S.S, form the first group, and for our data these are 
individuals 1 and 2 and the E.S.S. becomes 0.5. At the next stage 
individuals 3 and 4 fuse to form a second group, increasing the- 
E.S.S. by 2.0 to 2.5. Next, individual 5 joins the group formed by 
3 and 4, and the E.S.S. increases by 12.7 to 15.2. Finally, the two 
remaining groups are fused and the E.S.S. increases by 71*6 to 
86.8. 

These results may be summarized as a dendrogram which is 
shown in Figure 1-3. 
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Figure 1-3: Dendrogram for Ward's Method 

Probably the majority of the applications of agglomerative 
hierarchical techniques have been in the fields-of-biology-and 
zoology. They are particularly useful for plants and animals when 
these are hierarchically grouped with respect to genetic 

characteristics. 

Baker (1972, page 352) described the application of hierarchi- 
cal procedures to an instructional grouping situation and noted their 
usefulness in providing information about the dynamics of group 
formation. 

Divisive Methods 

With divisive methods the first task is to split the initial 
set of individuals into two. Now a set o£ n individuals can be 
divided into two subsets in 2^'^^ 1 ways, and although Edwards and 
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Cavalli-Sforza (1965, page 362) considered them all, this is obviously 
only possible for very small sets, even with a large computer. In 
the case of even moderately large sets we have to impose a restric- 
tion on the number of ways considered. There are two types of 
divisive techniques: mcnothetic, which are based on the possession 
or otherwise of a single specified attribute, and polythetic, which 
are methods based on the values taken by all the attributes. 

Everitt (1974, page 18) considered the most feasible of the 
polythetic divisive techniques is that described by MacNaughton- 
Smith et al. (1964, page 1034). In this instance a splinter group is 
accumulated by sequential addition of the entity whose total dis- 
similarity with the remainder less its total dissimilarity with the 
splinter group is a maximum. When this difference becomes negative 
the process is repeated on the two subgroUt)s. The measure of 
dissimilarity used is the average Euclidean distance between each 
entity and the other entities in the group. For example, the distance 
matrix D, shown below, gives the distances between seven individuals. 



D = 
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These individuals are to be divided into two groups using this method. 

The individual used to initiate the splinter group is the one whose 

average distance from the remaining individuals is a maximum. This 

is found to be individual 1, giving the groups 

(1) and (2, 3, 4, 5, 6, 7) . 

Next, the average distance of each individual in the main group to the 
individuals in the splinter group is found, followed by the average 
distance of each individual in the main group to the other individ- 
uals in this group. The difference between these two averages is 
then found. This gives the following results: 

Average Distance Average Distance 
to Splinter Group ti ~ 
Individual (1) 

2 10.0 

3 7.0 



(2) 


(2-1) 


25.0 


15.0 


23.4 


15.4 


14.8 


-15.2 


16.4 


-12.6 


19.0 


-19.0 


22.2 


-19.8 



4 30.0 

5 29.0 

6 38.0 

7 42.0 

The maximum difference is 16.4 for individual 3, who is therefore 
accumulated into the splinter group giving the two groups: 
(1,3) and (2, 4, 5, 6, 7). 
This method has the advantage that the computation required is 
considerably less than for an all possible subdivisions method. As 
with other divisive techniques, an inefficient early partition cannot 
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be corrected at a later stage. This is also the case for agglomera- 
tive techniques. 

Monothetic techniques are usually used in cases where binary 
data is used. A division of the set of data is then initially into 
those individuals who possess, and those who lack, some one specified 
attribute. If only divisions of this simple type are considered 
then> given data for, say, m attributes, there are m potential 
divisions of the initial set, (m-1) potential divisions of each of 
the two subsets thus formed, and so on. Such a division is termed 
monothetic, and a hierarchy of such divisions a monothetic classifi- 
cation. Association analysis (Lance and Williams, 1965, page 246) 
is a monothetic technique. 

partitioning Techniques 

This section describes clustering techniques^ %iiich produce a 
partition of the objects, but differ from the hierarchical techniques 
in that they admit relocation of the entities, thus allowing poor 
initial partitions to be corrected at a later stage. 

The majority of these techniques can be formulated as attempts 
to partition the set of entities so as to optimize some predefined 
criterion. For example, many of them attempt to minimize trace (W), 
where W is the pooled within groups matrix of sums of squares and 
cross products. Most of the methods also assume that the number of 
groups has been decided a priori by the investigator, although some 
do allow the number to be changed during the course of the analysis. 
Most of these techniques employ three distinct procedures, which are 
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as follows: 

(a) A method of initiating clusters; 

(b) A method for allocating entities to initiated clusters; 

(c) A method of reallocating some or all of the entities to 
other clusters once the initial classificatory process has 
been completed. 

The differences between the methods lie primarily in (a) and (c) . 
Techniques Used for Initiating Clusters 

The majority of techniques begin by finding k points in the p- 
dimensional space, which act as initial estimates of the cluster 
centres (where k equals the number of groups to be formed). Various 
procedures have been suggested for choosing these points which are 
known as seed points. For example, MacQueen (1967, page 285) chose 
the first k points in the sample as the initial k cluster mean 
vectors. Anderberg (1973, page 157) mentioned seven other methods of 
establishing seed points, including random selection, sequential 
selection, subjective selection, selection of the centroids of any 
desired initial partition and the selection of seed points which are 
greater than some specified distance from each other. 

The k starting points are used as initial estimates of cluster 
centres. Entities are allocated to the cluster to whose centre they 
are nearest (usually in the Euclidean metric), and the estimate of 
the centre may be updated after the addition of each entity tc the 
cluster (MacQueen, 1967, page 287), or only after all the entities 
have been allocated (Ball and Hall, 1967, page 153). 
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It is often, useful if the investigator, on the basis of prior 
knowledge, can specify the initial cluster configuration. 

Relocation Techniques 

Once an initial classification has been found by one of the 
methods mentioned above, a search is made for entitii'{«? which should 
be reallocated to another group. This relocation takes place in an 
attempt to optimize-: :6bme ^c Mustering criterion. 

In general relocation proceeds by considering each entity in 
turn for reassignment to another cluster, reassignment taking place 
if it causes an increase (or decrease in the case of minimization) 
in the criterion value. The procedure is continued until no further 
move of a single entity causes an improvement. A local optimum of 
the criterion value is thus reached and the solution may be accepted 
or an attempt may be made to improve it by repeating the procedure 
using a different starting configuration. In general there is no 
way of knowing whether or not the absolute maximum of the criterion 
has been reached. 

Clusterini^ Criterion 

Three illustrative clustering criterion are all derived from 
the following fundamental matrix equation: 

T = W + B 

where T is the total scatter or dispersion matrix, W is the matrix of 

within -groups dispersion— that is, W » ^ W. where W. is the dis- 

i«l J- 

persion matrix for group i— and B is the "between -groups dispersion 
matrix. 7 1 
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Per any given data set the matrix T is fixed, and so functions 
of B and W are sought as clustering criteria. 

(i) Trace (W) 

The first criterion is the minimization of the trace of the 
pooled-vithin groups matrix of sums of squares and cross products. 
It has been proposed alike by Friedman and Rubin (1967), MacRae (1971), 
and Calinski and Harabasz (1971): It may be shown that this criter- 
ion is Che same as minimizing the total vithin group sum of squares 
of the partition (Everitt, 1974, page 26). 

(ii) Determinant of W 

The next criterion is the minimization of the determinant of 
the within-cluster matrix of sums of squares and cross products. 
This criterion seems to have been first suggested as a clustering 
criterion by Friedman and Rubin (1967). 

(iii) Trace BW""'' 

Another criterion suggested by Friedman and Rubin (1967) is 
the maximization of the trace of the matrix BW ^, obtained from the 
product of the oetween-groups matrix of sums of squares and cross 
products and the inverse of the within-groups matrix. 
The description of partitioning techniques will not include 
specific procedures at this stage. A detailed discussion of the 
elements, processes, and logic of partitioning procedures will be 
provided in Chapter II together with an analytical 
comparison of different partitioning techniques. 
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Density Search Techniques 

If entities are depicted as points in a metric space, a natutal 
concept of clustering suggests that there should be parts of the 
space in vhich the points are very dense, separated by parts of low 
density. This concept was used by Gengerelli (1963), and Charmichael 
et al. (1968). Methods c£ cluster analysis which use this approach of 
seeking regions of high density or modes in the data are known as 
density search techniques. In general each mode is taken to signify 
a different group. 

Several of these methods have their origins in single linkage 
cluster analysis. One example of a density search technique is now 
described. 

The Taxmap Method of Cairmichael and Sneath 
The density seeking technique considered here is one due to 
Carmichael et al. (1968), and later extended by Carmichael and 
Sneath (1969). It attempts to imitate the procedure used by the human 
observer for detecting clusters in two or three dimensions, that is 
to compare relative distance between points, and to search for continu 
ous relatively densely populated regions of the space surrounded by 
continuous relatively empty regions. Clusters are formed initially 
in a way similar to that previously described for the single linkage 
method, but criteria are adopted for judging when additions to 
clusters should be stopped. One such criterion is to terminate 
additions if the prospective point is much further away than was the 
last point admitted, as indicated by a discontinuity in closeness. 
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For this purpose the authors use a single measure obtained by sub- 
tracting the drop in the average similarity on addition of an entity 
to the cluster, from the new average. This measure has been found . 
to decrease smoothly until there is a discontinuity whereas the 
drop in average similarity by itself may vary widely. Everitt (1974, 
page 31) provides the following matrix of similarities between five 
Individuals : 





1 


2 


3 


4 


5 


1 


1.0 


0.7 


0.9 


0.4 


0.3 


2 


0.7 


1.0 


0.8 


0.5 


0.4 


3 


0.9 


0.8 


1.0 


0.4 


0.2 


4 


0.4 


0.5 


0.4 


1.0 


0.7 


5 


0.3 


0.4 


0.2 


0.7 


1.0 



The two most similar individuals are used to initiate the cluster. 
From S these are found to be individuals 1 and 3, whose similarity 
is 0,9. The next point considered for admission to the cluster is 
that one most similar to a point already in the cluster. This leads 
to consideration of Individual number 2 whose similarity with 
individual 3 is 0.8. The average similarity between the three 
individuals is now computed to give the following: 

Cluster members Candidate individual 

1.3 2 

Similarity 0.9 
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Average similarity between individuals 1,3 and 2 is 

•|(0.9+0. 7+0.8) « 0.8. 
Therefore the drop in similarity is 0.9-0.8«0.1, and hence the measure 
of discontinuity is (0.8-0. 1)»0. 7. Low values of this measure 
indicate that the candidate point should not be added to the cluster. 
If in this case "low values" were regarded as those less than 0.5, 
then individual 2 would be added to the cluster , and a further 
individual would be considered for admission as follows: 

Cluster members Candidate individual 

1, 3, 2 4 

Similarity 0.8 
Average similarity between individual 1, 3, 2 and 4 is 

i(0.94O.7+0.4+O.8+0.5+0.4) « 0.6. 
o 

Therefore the drop in similarity is 0.2, and the measure of discon- 
tinuity is 0.4. This individual is therefore not admitted to the 
cluster, but initiates a new one. 

Various other criteria are also used to prevent admission of 
points relatively near the centroid of an elongated cluster but still 
rather far from any point in it. 

Clumping Techniques 

Most classification techniques lead to distinct or disjoint 
clusters, and these are what is required in most fields of applica- 
tion. In other cases (language studies, for example) classification 
must permit an overlap between the classes if it is to be of any 
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value, because words tend to have several meanings, and if they are 
being classified by their meanings they may belong in several places. 
In general/ classification techniques which allow overlapping clusters 
are known as clumping techniques. 

Clumping techniques begin with the conq>utation of a similarity 
matrix from the original data to give an estimate of the similarity 
between each pair of entities on the basis of the properties they 
exhibit. These methods seek a partition of the entities into two 

groups, the smaller of which is generally considered to be the class 
sought. Partitions are found by minimizing a cohesion function between 

the two groups. For example, Needham (1967, page 48) considered a 

symmetric cohesion function G(A) given by 

- • G(A) - 

where A and B refer. to the two groups into which the data are parti- 
tioned, A being the putative clump. S.^ « £5,.^. ^^ere , 

is an inter-entity similarity coefficient. Algorithms to minimise 
these functions proceed by successive reallocations of single individ- 
uals from an initial randomly chosen cluster centre. By Iterating 
from different starting points many partitions into two groups may 
be found. In each case the members of the smaller group are noted 
and constitute a class to be set aside for further examination. This 
Independent search for classes is the reason for one of the less 
attractive features of these methods, namely that it is not at all 
. unusual for the same class to be found several times; no way is known 
of completely avoiding this* 
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Other Clustering Techniques 

The methods described in the preceding sections constitute 
some of the most-recent work--in-the^field^of-xlus-ter^analy8is^._ There 
remain, however, several other clustering techniques which have been 
found useful, and which do not fall clearly into any of the four 
previous categories. Some of these techniques will now be described. 

The usual starting point for a cluster analysis is an n x p 
data matrix in which the scores of n individuals (or objects) for p 
variables are recorded. In factor analysis, the matrix of interef n 
is a p X p similarity matrix where p is the number of variables. 
The purpose of the analysis is to find a n x r matrix F, where r^p , 
such that FF* reasonably approximates the original similarity 
matrix. The factor analysis model was developed as a partitioning 
of variance ' into linear components. In this analysis, the variables 
are taken as a fixed, complete representation of the domain of 
interest and the individuals are taken as a random sample, the 
analysis transforms the variables into linear components. 

As an approach to the clustering or grouping of individuals, 
it has been suggested that one might factor analyze an n x n matrix 
of similarities among the n individuals (Stephenson, 1953). In 
this analysis, called Q~f actor analysis, the n individuals are 
assigned to clusters on the basis of their scores on the n factors. 
The individuals, not the variables, should be taken as a fixed, 
complete representation of the domain to be partitioned. However, 
this is not generally the intention of the researcher employing 
Q~techniques who would like to consider his data ascoming from a 
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random sample of individuals and would like to be able to generalize 
to the population of individuals of interest (McRae, 1973, page 4) . 
-Di-scr-iminant-analyais attempts to answer the question: How 



can individuals best be assigned to already existing groups on the 
basis of several variables? Kerlinger (1973, page 650) described a 
discriminant function as a regression equation with a dependent 
variable that represents group membership. The function maximally 
discriminates the niembers of the group; it indicates to which group 
each new member probably belongs. 

From the above descriptions of available clustering techniques, 
it is apparent that some are not directly applicable to the problems 
of grouping students and that none are exactly applicable to the 
grouping situation as this is defined by Criteria I through V. For 
example, none of the techniques reviewed directly refer to eligibility 
for group membership.. Clustering methods are mostly used where 
naturally occurring clusters are sought. The formation of these 
clusters is typically free of eligibility constraints. However, the 
partitioning techniques, which are very similar to the steepest 
descent algorithms used for unconstrained optimization problems in 
non-linear programming, appear most directly amenable to such 
restrictions on eligibility for group membership. 

Similarly, none of the applications of the techniques reviewed 
have incorporated the option of prespecifying the sizes of the 
groups either as exact sizes or as size ranges. Again it seems that 
the partitioning techniques are the most directly adaptable for pro- 
viding this option. 
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More of the techniques meet the criteria of prespecif ication 
of the number of groups to be formed. Q-factor analysis permits 

the number of - groups of persons to be considered, hierarchical _ 

techniques (either the agglomerative or diversive types) can be 
terminated at the desired level and the partitioning techniques are 
mostly designed on the basis of a fixed number of groups. 

All techniques permit th.. ase of multivariate data pf the type 
commonly used in grouping lor instructional purposes. Neither does 
the number of variables likely to be considered in the grouping 
situation appear to be a restriction of any of the techniques. 

Only the clumping techniques do not result in disjoint or 
mutually exclusive clusters and therefore may be rejected as a pro- 
cedure for grouping students. Discriminant analysis may also be 
rejected as a procedure for grouping students because of its 
assumption of the presence of already existing and clearly defined 
groups. 

The partitioning techniques are the only techniques of those 
examined which attempt to optimize a clustering criterion. This 
criterion is often the total within groups sum of squares which can 
be taken to represent the degree of homogeneity possessed by the 
groups. Ovi the other hand, most hierarchical grouping procedures 
focus attention on the dynamic and successive formation of groups 
and in so doing do not attempt to optimize a criterion. Ward's 
variance hierarchical method does, however, at each step in the 
analysis consider the un^on of every possible pair of clusters and 
the two clusters whose fusion results in the minimum increase in the 
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within sum of squares are combined. 

Hierarchical clustering techniques also have a general dis- 
advantage-since --they contain no provision for reallocation of 
entities who may have been poorly classified at an early stage of 
the procedure. In other words there Is no possibility of correcting 
for a poor initial partition. The partitioning techniques do not 
share this disadvantage but do, however, possess the disadvantage of 
mostly resulting in sub-optimal solutions. When complete enumeration 
of all possible partitions is infeasible, as is mostly the case, an 
initial partition is provided by the investigator. The optimum 
value of the criterion is therefore only local to the initial parti- 
tion. The usual procedure then is to compare the values of the 
criteria obtained from several other initial partitions and then 
select the minimum criterion value. With well structured data 
different starting partitions will usually lead to the same final 
solution, but in general there is no way of knowing if the criterion 
value obtained is the true optimum or only a local optimum. 

Despite the limitation of providing only local optima, it 
appears that the partitioning techniques have the most direct appli- 
cation to the grouping of students for instructional purposes. They 
appear to most closely meet the Criteria I through V and their general 
structure appears to be a'Japtable to better meet these criteria. 
It therefore seems profitable to limit a more detailed examination 
of clustering techniques to the optimization-partitioning techniques. 
This is carried out in Chapter II and serves as the basis for the 
development of an acceptable procedure for grouping students for 
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instructional purposes. 

This chapter has been concerned with an examination of the 
educational climate within which the problem was set and also with an 
introductory description of some grouping techniques used in other 
areas of inquiry. This permittBd a more definitive statement of the 
problem. 

Statement of the Problem 

Approaches to individualization of instruction such as IGE are 
dependent to a large degree upon the appropriate formation of instruc- 
tional groups for the extent to which they adequately cater for the 
educational needs of individual students. This study involved the 
development of an automated procedure useful in forming groups of 
students for instructional purposes. This aim finds expression in 
the following problem statement. 

Can a computerized numerical procedure be developed which 
groups elementary school students for instructional purposes and 
which takes account of the following factors: 

1. Considers a range of skills or objectives for which 
students may be eligible and places into a group only 
those students who have met the prerequisites of the 
objective or skill and who have not mastered that objective 
or skill. 

2. Permits the prior determination by teachers of the number 
of groups to be formed. 

3. Permits the prior determination of the exact size or size 
range of each of the groups to be formed. 
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A. Assigns students to groups on the basis of measures of 

relevant student learning characteristics such as measures 
of prior achievement and learning style. 
5. Assigns students to groups so as to maximize the homogeneity 
of these groups as measured by the degree of similarity 
amongst those characteristics, 
on the assumption that more than one such mathematical model 
Id be identified considerations for its implementation in the 
tructional setting led to three related research questions. 

1. Which grouping proceciure of those compared yields the 
most homogeneous groupings? 

2. Are the groupings formed on the basis of the numerical 
grouping procedure more homogeneous than teacher created 
groups? 

3. Do teachers involved in the groupings of students perceive 
the- computerized grouping procedure as being a more 

efficient procedure than those procedures curreritly 
employed, as being able to' take into account (a) realistic 
constraints on the formation of groups and (b) relevant 
learner characteristics? "More efficient" was defined as 
"less time taken in the grouping process." "Realistic- 
constraints" were those which pertain to personnel avail- 
ability as these affect the number of groups and their 
sizes. Relevant learner characteristics included students' 
prior achievement, rate of learning, and learning style. 
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preliminary design considerations for acceptable partitioning pro 
cedures are presented in Chapter II. These considerations arose 
out of an examination of currently available optimization - 
partitioning techniques. 
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CHAPTER II 

FURTHER DESIGN CONSIDERATIONS 

An examination of the operations research literature 
(Hillier and Lieberman, 1974 and Wagner, 1975) revealed that the 
sub-optimal partitioning techniques introduced in Chapter I are a • 
subset of a wider collection of optimization procedures designed to 
solve combinatorial problems. The literature on cluster analysis 
(Anderberg, 1973 and Everitt, 1974) focused on the sub-optimal 
techniques and ignored other techniques which yield exact solutions. 
Because the problem being investigated involved (1) the search for an 
algorithn^ directly applicable to the grouping of students for 
instructional purposes and (2) the possible subsequent modification 
of an existing algorithm, it appeared appropriate to review the wider 
collection of combinatorial procedures and their application to 
assignment problems. The various procedures reviewed are displayed 
in Figure 2-1. This review resulted in a series of recommendations 
which formed the basis for the design of an acceptable computeri2sed 
grouping procedure. 

Complete Enumeration . ' 

The problem of placing n students, each measured on p variables, 

into g groups, such that the similarity between pairs of individuals 

in the same group is greater than between pairs of students in 
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Complete Enumeration 



Exact or 

Optimal 

Solutions 



Discrete 
Combinator- 
ial Optimiza' 
tion Procedures 




Integer Programming 

Branch and Bound 



Back Tracking Programming 



Dynamic Programming 



Heuristic 
or Sub-optimal 
Solutions 



Minimization^ 
of Within 
Group Variancs 
Criteria 



Jancey 
McQueen 

Wishart 
Ball & Hall 



Figure 2-1: Combinatorial Optimization Procedures 
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different groups, is a combinatorial problem whose solution is 
restricted to integer values (number of students in each group). As 
such it can, in principle, be solved by complete enumeration of every 
possible solution. In practice, almost all realistic combinatorial 
problems are far too large for sclutiin by such simple and direct 
methods. This is to a very large . a consequence of the 

explosive nature of combinatorial problems where the marginal contri- 
bution of the nth element to the total effort required to achieve a 
solution is always exaggeratedly large., 

For example, the number of ways that n students can be divided 
into g distinguishable classes containing kj^, kg, . . . , elements, 
jpectively, where kj^ + kg + . • • + kg = n, is 



resi 



n. (2.1) 

V ,k . ] . k! (Eisen, 1969, page 34) 

X ' 2 * ^ 

For the relatively small problem of sorting 25 students into 5 groups 

12 

each of size 5 the number of possible groups is 5.195 X 10 Where 
the size of each group is given as a range, the number of possible 
groups is even larger. When the size of each group is not restricted 
(but with each group non-empty), the number of ways' of sorting 25 
students into 5 groups is a Stirling number of the second kind 
(Anderberg, 1973, page 3) , . 



c(5)=i y (.l)5"^(f)k25=: 2.437 X 10^^, (2.2) 

a very large number indeed. It would take an inordinately long 
period of time to examine so many alternatives. 
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Numerical combinatorial probleins have been traditionally regarded 
both by mathematicians and applied analysts as highly intractable and 
complete enumeration of all possible partitions of 150 students into 
5 groups (this is an estimation of the magnitude of the problem 
studied) is infeasible given the present capabilities of computer 
technology. 

Recommendation 1. Complete enumeration of all groupings to 
identify that grouping which achieves maximal homogeneity should not 
be considered further, since it is not a feasible procedure. 

Until the late 1950' s no powerful general methods were avail- 
able for the solution of discrete-valued optimization problems even 
though optimization problems involving real-valued variables could 
be solved in certain circumstances either by classical calculus tech- 
niques or by linear pro^rapm It was therefore to be expected that 
some of the first attempts to derive a general and exact method of 
solving combinatorial programming problems should have been directed 
to the problem of integerizing linear programs. More recently 
certain tree-searching methods have been developed for solving 
combinatorial problems. 

Both integer programming and tree searching methods are often 
referred to in the operations research literature in the context of 
the quadratic assignment (QA) problem which involves assigning new 
facilities to sites when there is an interchange between new facili- 
ties. The QA or location problem can be formulated as follows: 

Let C, denote the annual cost of having facility i located 
il^jh 

at site k and facility j located at site h. Also, let the decision 
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variable x^j^ equal one if facility 1 is located at site k and equal 
zero, otherwise. If there are n new facilities and sites, we wish to 



■■«^rt\ /w3p4;|;|g^ (2.3) 

8tt9)j6Ct to — 1> /c = I, - 



If facility i is located at site k and facility j is located at site, 
h, then x^^^ and x^j^ both equal 1 and the cost term c^^^,^ is included 
in the total cost calculation. The first set of constraints ensures 
that exactly one facility is assigned to each site; the second »Jat 
of constraints results in each facility being assigned to exactly one 
site. 

The optimal assignment of facilities to locations to minimize 
costs (analogous to assigning students to groups to maximize homo- 
geneity) is a combinatorial optimlTzation problem and has recently 
been given exposure in the educational literature by Hubert (1975) who 
applied the quadratic assignment paradigm as a general data analysis 
strategy and accordingly interpreted the problem of optimally allocat- 
ing students to groups as a quadratic assignment problem. The 
techniques for solving the problem are very similar to those 
utilized in the solution of discrete-valued optimization problems of 
which the QA problem is one type. 
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integer Programming 



AS a typical pure integer programming problem involving n 

discrete-valued variables [x^, yi^, . . • xj consider ;:he following: 

n 

Maximize: Z = PjXj (2.4) 

subject to the m constraints 

^ijXj iiK^ (i = l,2,...,m) 



n 



and the side- conditions ^ 0 



Xj = integer 



where p^, and are given parameters. 

Such problems can be solved by cutting plane methods developed by 
Gomory (1958). In these methods the problem is first solved by 
ordinary linear programming, ignoring all integer side-constraints 
on the variables of the problem. Then new constraints, designated 
cutting planes, are introduced one by one into the problem. These 
cutting planes possess the function of progressively eliminating from 
the total solution space of the given problem, areas which contain 
real-valued solutions to the problem, but no discrete-valued solu- 
tions. By these means, the solution space of the problem is reduced 
until the optimal integral solution is revealed. Scott (1971, page 8) 
provided a simple numerical problem and a graphical representation of 
the cutting planes solution and Vinod (1969, page 506) formulated 
the grouping problem in integer programming form when the entities 
are points in a p dimensional Euclidean space. 
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Practical experience with these cutting plane methods seems to 
indicate that for small well-behaved problems, these methods will . 
usually converge qu$.te rapidly to the optimal integral solution. 
Large and complex problems appear to be les8 amenable to solution, 
and Scott (1971, page 11) has reported, that many cases have been 
observed where cutting plane methods fail to converge to an. optimal 
feasible solution in a finite number of iterations. Because of the 
uncertainty of obtaining optimal solutions with integer programming 
methods and the complex nature of the problem being studied (e.g., 
eligibility and size constraints on group membership) the following 
recommendation was made. 

Recommendation 2 , An integer programming procedure should 
not be considered further as a viable method of identifying that 
grouping which achieves maximal homogeneity. 

Tree Searching Methods 

A more promising approach to the solution of combinatorial 
programming problems is presented by the family of algorithms known 
as tree-searching methods. Tree- searching methods are more general 
than ordinary integer linear programming; they are in addition more 
specifically related to, and sensitive to, the underlying combinator- 
ial structures of problems containing discrete-valued variables. 
Specific variations of these algorithms are identified severally as 
the branch and bound algorithms, backtrack programming, ^nd discrete' 
dynamic programming. These methods all have in common the property 
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that they involve a systematic search over a combinatorial tree tor 

an optimal solution* 

A combinatorial tree may be represented as a logical branching 
process defined over a set of integer variables. Suppose, for 
example, that a problem contains exactly four zero-one variables, 
\l')^2'^3' ^'^^ \' '^^^^ every possible solution for this problem 
may be represented by the tree structure depicted in Figure 2,2, 
where each vertex in the tree represents a particular and unique 
solution. The list of variables attached to each of these solution 
vertices is that sub-set of variables out of the total set of variables 
vhose values are all equal to unity. If inclusion is made of. the null 
solution, which is represented by the origin of the tree, there is 
a total of 2^ = 16 different solutions, whether feasible or not, 

within the tree. 

The principles underlying the orderly construction of the tree 
are to a large degree self-evident from a consideration of Figure 2.2. 
However, it should be noted especially that the tree develops by 
expanding out from the origin into a series of subsequent generations, 
and that, in general, each vertex on the tree in any generation, t, 
gives rise to a fan of immediate descendents in 
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generation t + 1. An^ uue solution in generation t + 1 differs from 
its immediately antecedent solution In generation t by possessing a 
single extra entity. This means that it is possible to move 
systematically forwards and backwards through the tree by adding or 
dropping, as the case may be, an entity at a time. However, whenever 
the entity \^ (e.g.,X4 Figure 2.2) occurs as a positive element 
of any solution, then a terminal state is encountered, and no further 
branches may be extended out of the corresponding vertex on the 
combinatorial tree. 
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The algorithms which are described below represent sets of 
rules for effecting an intelligently structured search over a combi- 
natorial tree. These sets of rules have in common the property that 
they are concerned with the pro;gf&ssive transformation of a vector 
[a] = [o, 0, . . . , 0} denoti ; the null soluticft, in the direction 
of the vector {a*} = {L l.--.. l} denoting a fully developed solu- 
tion. Th^ e algorithms progress from an examination of solutions 
characterized by low and infeasible values of Z, the objective function, 
to examiniaton of solutions characterized by relatively high and 
feasible values of Z. At the same time, the searching mechanism 
representing the transformation process Ia]<-[a^ progressively 
partitions the underlying combinatorial tree into sectors where the 
optimal solution to the given problem may or may not occur. By dis- 
carding large segments of the tree where the optimal solution is 
inferred not to be (a process designated implicit enumeration) , 
these tree-searching algorithms will finally converge upon and 
identify the globally optimal solution to the problem. There are three 
principal variations of tree-searching algorithms, namely branch and 
bound programming, backtrack programming, and discrete dynamic 
programming. 

A Branch and Bound Algorithm 

Let Z* denote the optimal objective function for some minimiza- 
tion problem which is to be solved by branch and bound fVogrB-^tng. 
The value of Z* lies between some upper bound U and some lowr- ;,,vund L 

L ^ Z*< U 
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At the initiation of the branch and bound algorithm the value 
of U may be set equal to any arbitrarily high value, and the value of 
L may be set equal to any arbitrarily low value. Throughout the period 
of operation of the algorithm these values are gradually altered 
until they converge upon, and thus identify, the final optimal solu- 
tion. The branch and bound algorithm can be described in terms of 
three basic processes or principles. 

The algorithm begins by the e^^tablishment of a full set of 
imif-edlate descendent solutions out of the origin of a combinatorial 
tree. These solutions are then examined to determine whether or not 
any are feasible. If any solutions are feasible, then the value of 
the upper bound, U, is changed to the value of the objective function, 
Z, for the best such feasible solution. This operation exemplifies 
the first basic principle for the branch and bound algorithm: The 
value of U is always changed to the best value of Z out of all current 
~ feWible-s-otuti-ons~providing7-in-addition7"that-the-value-'of-2 is 

less than the already given value of U. 

The second basic principle of the algorithm is now applied. 
This consists of scrutinizing every current solution, whether feasible 
or infeasible, by comparing it against the value of U. If any solu- 
tion possesses a value of Z such that Z>U, then neither this solution 
nor any of its descendent solutions can ever be optimal. For since 
the objective function of the problem is specified as strictly mono- 
tonic-increasing, then it follows that all such descendent solutions 
must al /e values of Z greater than U. However, the value of the 
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optimal feasible solution. Z* is in practice and by definition neces- 
sarily less than or equal to U. Therefore, any vertex in the combi-- 
natorial tree whose solution possesses a value of Z which is greater 
than U is permanently deleted from the tree, and no. further branches 
may be drawn from this vertex. This feature explains why the 
restriction of monotonicity is placed upon the objective function of 
any problem which is to be evaluated. 

The third principle of the branch and bound algorithm relates 
to the definition and utilization of the lower bound. L, which is at 
this point br .^^ht into the probleft. The value of L is simply set 
equal to the lowest value of S out of all current solutions; and, 
usually, this particular solution will ?e Infeasible. The solution 
corresponding to the current value of L is now used as a parent 
vertex from which a new set of descendent solutions is derived. 

Again, these new solutions are examined to determine if any are 
""fTTsible; and.-^ainTTf-any are sffiulFaneousirboth-ieasibl^^^ 



possess values of Z less than U. then the value of U is changed to 
the value of Z for the best such solution. Now the entire set of 
active vertices within the solution process consists of all new 
vertices, together «ith all prior vertices remaii^lng in the problem 
at large. This entire set of vertices is compared in relation to the 
value of U. and any vertex where Z>U is pemanently deleted from 

the problem. A fresh set of solutions is again derived out of that 
vertex which identifies the new value of L. 

The algorithm now proceeds on in this manner, brau-.hing from 

the least value of Z within the combinatorial tree, and setting 
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bounds on the outward development of the tree by testing each solution 
in relation to the value of U. These operations may be formalized 
schematically as in Figure 2-3, Throughout this process, the value 
of U is constantly decreasing and the value of L is constantly 
increasing. In brief, each converges from a different direction of 
the value of Z*. Finally, when the condition L»U is encountered, 
then the optimal feasible solution has been discovered and the 
operation of the algorithm is terminated. 



\ StOft I . 




Changt U to 
best fMiibleZ-: U 



T«fmin£rt« oil 
»0<utio«» «<*>»f« 



Figure 2-3: Flow Diagram for the Branch and Bound Algorithm 
(Scott, 1971, page 17) 
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The branch and bound algorithm has one highly significant ,^ 

..„«»-4onv a verv laree number of solutions must] 
limitation. Because potentially a very L&iae uum« , 



be held in storage as the algorithm progresses, the method (even when 
modified for computer application in the manner suggested by Scott 
(1971. page 17)) is suitable only for problems of moderate size which 

are not likely to explode into an-excessively--large_number„p^^^ 

binatorial possibilities, or where the bounding process is of unusual 
power. For many problems which would otherwise exceed available 
storage capabilities, the method of backtrack programming is often 
more suitable. This method requires only very smal l amounts of 



storage. However, this advantage must be paid for by a considerable 
increase in the number of computations which must be performed to 
attain a solution. 

A Backtrack Program mlnp; Algorithm 

in contrast to the branch and bound method, the backtrack pro- 
gramming algorithm maintains only one active solution at any one time 
within the solution process. Thus the total storage requirements of 
the algorithm are quite small. An upper bound. U, analogous to the 
upper bound in the branch and bound algorithm, is maintained throughout 
the operation of the backtrack process. However, no lower bound on 
the optimal solution is maintained. 

The backtrack solution method proceeds by initiating a pattern 
of search over a combinatorial tree. This pattern of search is directed 
outwards and in a clockwise direction through the tree. As any vertex 
is encountered during the search procedure, a decision is made as to 

1 . • 
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whether to continue branching outwards through the tree or whether to 
backtrack to some previously examined vfcrttxand begin a new branch 



from that vertex. At any tlme.during the backtrack solution process 
the major test of whether to continue branching outwards or whether 
to backtrack ia determined by fcomparing the value of Z for the current 
solution against the value of U. Whenever the condition Z<U occurs, 
a test is made to determine whether the associated solution is 
feasible or infeaslble. If the solution is infeasible, the algorithm 
simply continues branching outwards. If the solution is feasible, 
however, then a new best upper bound on the value of the optimal 
objective function has been discovered and the value of U is changed 
to this value of Z. Thus on the termination of the algorithm, U. 
represents the value of the full optimal solution. Whenever the 
conditions S> U occurs, then the solution corresponding to this 
value of Z together with all its descehdents in the combinatorial 
tree are necessarily non-optimal (since the objective function is 
monbtonic-increasing) . Thus whenever a solution yielding t'iie condition 
Z>U occurs, then the algorithm backtracks into the tree to the near- 
- est node from which a new branch can be drawn. These operations 
continue until the search process is exhausted. The algorithm as a 
whole may be decomposed into the schematic representation given in 
Figure 2-4. 
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Figure 2-4: Flow Diagram for the Backtrack ProgTramming Algorithm 
(Scott, 1971, page 23) 

Discrete Dynamic progranining 

Discrete dynamic programming is a combinatorial progranming pro- 
cedure which partakes of certain characteritics of both the branch 
and bound and backtrack methods. 

The main features of the discrete dynamic programming algorithm 
may^ be made concrete by a simple exemplary problem. Suppose that some 
system is identified as possessing the following characteristics: 

The system exists within a set of discrete time periods, t = 0, 1 , 

In any time period, t, the system may bo in any one of n ^^tatcs. The 
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number of possible states need not be constant from time period to 
J:ime_p«J^ji,._bii.t only the simplest case o f a con stant numbe r of states 
will be considered in this account. At any time, t, the cost of mov- 
ing from state i to state j isc^^^. At time t = 0 the system is 
identified explicitly as being in some particular state. 

It is now required to compute a time-pith for the system such 
that the aggregate cost of its sequential transitions from state to 
state between time t = 0 and time t = T is a minimum. Let Z^(j) 
denote the-cumulated cost of the optijnal-(-least-cost) time-path lead- 
ing up to state j at time period t. This quantity may be determined 
by the central recursion or branching formula of dynamic programming, 

ZJj) = rain j^^j^ + Zt-1^^>] ^^'^^ 
In other words, Z^Q) is composed of the two elements, (a) the cost; 

of making the transition from some state i to the particular state j 

t 

at time t, and (b) the cost of the optimal time-.path leading to 
state i at time t-1. Where the sum of these two elements is minimized 
over all i = 1, 2 n, is given the value of the least cost time- 

path to state j at time t. 

This recursion formula is applied until finally at time t = T 
the n solutions are determined, 

• Z^(1),Z^(2) Z^(n) 

and the global optimum (Z*) for the entire problem is 
Z* = min[z^(i)] 

A simplified flow diagram for the discrete dynamic programming 
algorithm is shown in Figure 2-5. 
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Best current 
2 is optimol 



Stop^ 



Figure 2-5: Flow Diagram for the Discrete Dynamic Programming 
Algorithm (Scott, 1971, page 29) 

Jensen (1969, page 1034) Yave T"djmmicTrSgra^ for 
minimizing the within group suras of squares criterion. 

General Observations on Tree-Searching Methods 

The efficiency of the branch and bound and backtrack algorithms 
is heavily dependent upon the power of the bounding processes which 
guide their computational development. To a large degree the efficiency 
of both algorithmsdepends upon establishing, even before the initia- 
tion of the search process, a strong upper bound of the value of the 
optimal objective function. . 
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None of these three algorithms is capable of solving large 
problems.,„py,^"_Vlth the aid of mode rn electronic computers. Typicallyj^ 
the branch and bound method becomes over-extended in the matter of 
storage requirements, while the backtrack method becomes over-extended 
in the matter of solution time. The discrete dynamic programming 
algorithm has perhaps fewer limitations in these respects than the 
other two algorithms; however, it is applicable to a much more 
limited class of problems than either branch and bound or backtrack 
programming. The combinatorial explosiveness of many problems remains 
a forbidding obstacle to the application of exact solution methods. 
It is indeed doubtful if the branch and bound or backtrack program- 
ming algorithms could handle any problem with much more than ninety 
or one hundred variables. Discrete dynamic programming algorithms are 
most especially sensitive to the number of states in any problem, and 
computational difficulties become very apparent where this number is 
in excess of about fifty. A very considerable improvement in the 
computational efficiency of all of these algorithms is necessary 
before large problems can be handled with ease. 

in the context of the quadratic assignment problem, Francis and 
White (1974, page 336) noted that implicit enumeration procedures to 
date have not generally proved to be computationally satisfactory. 
For example, they estimate that branch and bound procedures are 
computationally ir,.feasible for the quadratic assignment problem where 
n is greater than 15. Nugent, Vollmann, and Ruml (1968, page 153), 
Wagner (1974, page 490), and Hubert (1975, page 54) also noted this 
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restriction on exact procedures and reconunended that a generally appli- 
cable routine must be based on a method with reasonable cost require- 
ments and great flexibility. The iterative improvement schemes 
described in the next section have these two characteris tics . 
Although the problem of grouping students for instructional purposes 
may be formulated in terms of the exact procedures discussed, they 
appear to be computationally infeasible, which observation led to the 

following recommendation: 

Recommendation 3 . None of the exact procedures should be 
further considered as viable methods for identifying that grouping 
which achieves maximal homogeneity. 

General Solution Procedures for Heuristic Programs 

■ i 

It is often the case that combinatorial problems can be solved 
only by sub-optimal approximation, where exactness of the final solu- 
tion is sacrificed for the sake of computational tractability. The 
solution of Uogramming problems by approximation falls generally 
within the class of computational methods known as heuristic program- 
ming. The number of different heuristic algorithms for the solution' 
of combinatorial programming problems is notably great.- Some, such 
as the algorithm of Echols and Cooper (1968), are developed at a 
fairly high level of generality. Most heuristic algorithms, however, 
are designed for the solution of particular p roblems , and are struc- 
tured ao as to take advantage of the individual characteristics of 
those problems. Nevertheless, in spite of this apparent heterogeneity 
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Karg and Thompson's (1964) algorithm for the solution of the 
traveling salesman problem exemplifies the first class and the 
algorithm devised by Cooper (1963, 1969) for partitioning a point set 
represents the second. This latter algorithm is more applicable to 
the problem of grouping students for instructional purposes than is 
the Karg and Thompson algorithm and is used to clarify the features 
of the second class of algorithms. 

Cooper's Algorithm for Partitioning a Point Set 

Suppose there is given a set of n points distributed in the 
plane. Any point, j, has a Cartesian coordinate set j^u^, v^j. which 
exactly identifies its location. Suppose now that it is desired to 
partition these n points into m discrete groups in such a way that 
(a) each group of points has attached to it a centroid (however 
^def ined)';"'(b)'^the location of each centroid is an element' of the 
solution; and (c) the aggregate distance from each point to its asso- 
ciated centroid is a minimum. Mathematically this problem might be 
expressed as the minimization of 

subject to M 

£ Ai/«1 y«^l»2,...,n) 

» {J 

where U*, V* is the coordinate set of the ith centroid. Usually 
i i 

these centroids would be defined either as centres of gravity or as 
median centres. The zero-one variable 'X^j specifies whether or not 
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point J is assigned to centroid i. 

The basic principles of the algorithm developed by Cooper are 
as follows: (a) arbitrarily select a location for each of the 
centroids; (b) assign each point to its nearest centroid; this opera- 
tion defines a set of m groups of points; (c) compute a new centroid 
for each of these groups of points; (d) iterate over steps (b) and 
(c) until a set of stable groups emerges. 

Similar steepest-descent algorithms have been developed to 
solve the quadratic assignment problem. For example, the steepest- 
descent pairwise- interchange Procedure (Francis and White, 1974, 
page 338) starts with an assignment, a distance matrix, and a cost 
matrix, finds from among all pairwise interchanges of facllUy loca- 
tions one that causes the greatest decrease in the total cost, revises 
the assignment, and then repeats the process until the total cost 
can be, no further decreased. Hubert (1975, page 55) noted that many 
variations ^of this basic interchange strategy can be defined. 

The partitioning clustering methods introduced in Chapter I are 
very similar to these steepest-descent algorithms. Such algorithms 
begin with an initial point and then generate a sequence of moves 
from one point to another, each giving an improved value of the objec- 
tive function until a local optimum is found. 

Concluding Comments on Heuristi c Programming 

Heuristic programming dispenses with rigor and exactness, and 
in exchange is characterized by flexibility and practicality. It is 
to be stressed that it is quite impossible to make any generally valid 
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statement as to the standard of performance o£ known heuristic algori- 
thms of any type in the solution of very large and very complex 
problems. All known test problems involving heuiristic algorithma 
have invariably been small in size and weTl controlled in th^ matter 
of internal complications. However, Scott (1971, page 56) „noted such 
tests, for what they are worth, have almost always been highly 

successful. ' ♦ 

At the same time, certain very limited but highly suggestive 
work by Heller (1960) and Scott (1968) would seem to indicate that 
mere random sampling will, with high probability, produce solutions 
to given combinatorial problems- within ten to twenty percent of 
optimality. Almost any weil-constructed heuristic algorithm will 
certainly produce better results than random sampling alone. Thus it 
is conjectured that many heuristic programs may be inherently compelled 
to give good results, at least for simple combinatorial problems. 
However, it is obvious that a great amount of work on the basic 
structure and configuration of combinatorial programming problems is 
necessary before any conjecture of this sort can be sustained with 
confidence. Nevertheless, it may, in addition, be observed that trial 
and error guided by human judgment and guesswork can sometimes produce 
good results in the solution of combinatorial problems. 

Hubert (1975, page 56) provided a reassuring perspective on the 
problem of sub-optimal soluti6hs;--j^ optimization applications 
encountered in operations research. Hubert noted that the failure of 
a strategy to find global optima is usually of secondary importance if 
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a computationally feasible scheme can still Improve upon a solution 
obtained without the aid of the heuristic. Similarly, In many 
behavioral science applications the emphac' a procedure's 

ability to detect or identify an underlyl^it. the presence 

of a reasonable amount of noise. Consequently, the criterion that 
should be used in evaluating the search strategy is ir how well it 
identifies a reasonably prominent structure and no > , » many times 
it finds the optimal solution for any data set whatsoever. In fact, 
local optima that are fairly close to a global optimum may be very, 
important substantively in defining alternative representations of a 
data set; conceivably, local optima may be more important than the 
single "best" solution (Hubert, 1975, page 56). Considerations such 
as these led to the following conclusion: 

Recommendation 4 . The available lieuris tic algorithms should 

be reviewed for the purposes of: 

(1) selecting one algorithm for implementation, or alternatively, 

(2) selecting desirable characteristics of different algorithms 
to comprise a new algorithm. 

Heuristic Programming 

Most of these techniques employ three distinct procedures: 

(a) procedures^ior^ initiating groups, 

(b) procedures for relocating entities, and 

(c) a grouping criterion. 

consideration of the criterion to be optimized and the selection of 
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an appropriate one will be attempted first, as this may permit the 
examination of a smaller number of relevant heuristic procedures. 

The problem of grouping students for instructional purposes 
when this grouping is constrained by 

(1) the number of groups 

(2) the sizes of the groups 

(3) student eligibility 

is a problem more of dissection rather than classification (Kendall, 
1966, page 165). The aim of classification or clustering is to 
detect in the data, clusters as these naturally occur. In dissection, 
subdivisions of the data are made on the basis of external constraints 
.and entities are forced into categories because of these constraints 
and not on the basis of distinctly separated clusters. In the 
problem being studied groups are to be formed even if there are no 
distinct clusters presented in the data. It is within rather severe 
constraints on the formation of groups that. group membership is to be 
maximally homogenized. Thus, the problem of grouping stuflents is not 
a purely classifactory one. 

This distinction is important in deciding upon an appropriate 
criterion to be optimized. There are two main types of criteria 
referred to in the clustering literature: 

(1) multivariace criteria 

(2) the minimum variance criterion. , 
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Multivariate Criteria 

Anderberg (1973, page 174) and Everitt (1974, page 27) report 
three multivariate criteria bar-ei on the methods of linear discrimi- 
nant analysis and nniitivariace analysis of variance. 

(1) Minimization of the ratir determinantsjw j/|T| where T 
is the total dispersion matrix ^ i W i matrix of the within 
groups dispersion. This criterion is widely known as Wilks' lambda 
statistic. Since the matrix T is the same for all partitions, this 
criterion is equivalent to minimizing jwj. 

(2) Minimization of the largest eigenvalue of W^B where B 
is the between groups dispersion matrix. This criterion is known as 
the largest root criterion and is due to S. N. Roy. 

(3) Maximization of the trace of w'^B. This criterion is 
known as Hotelling's trace criterion. 

Friedman and Rubin (1967), who initially proposed the above 
criteria recommended them as taking into account the correlations 
between the variables on which the grouping is based. When variables 
are highly correlated this set of variables is effectively weighted 
in comparison to other variables. This feature may, be detrimental 
to the identification of clusters when the other lowly correlated 
variables are good discriminators. Thus, where the separation out of 
distinct clusters is important, multivariate criteria may be more 
appropriate than the total within group sum of squares. Friedman and 
Rubin (1967, page 1162) also claimed that the multivariate criteria 
take into account differences in the scaling of the variables... Dif- 
fererces in scaling have a marked affect on measures of similarity 
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and consequently on the composition of groups. 

Multivariate criteria, however, are not without their diffi- 
culties. First, most of the correlation present is likely to be 
caused by the existence of the clusters being sought and as Gower 
(1969, page 360) observed must be observed. What is of paramount 
importance is the purr ^ t grouping and the selectiim of the 
variables on which to base the grouping. Given the severe constraints 
on the grouping, and the purposes of grouping, the extent of the 
correlation between variables is of reduced Importance even though 
the orthogonality of the variables may be important in the identifi- 
cation of naturally occurring cliisters. 

Multivariate criteria also do not permit the definition of 
inter-oitlty similarity (Friedman and Rubin, 1967, page 1176> which is 
an important considersECion in the placement of individual steitrtHts. 
Also the multivariaiaa criteria, by using a pooled within-cLtna " 
matrix W, have an uaaserlying assumption that all clusters hal*i. he 
same shape. 

Anderberg (1974, page 175) noted that guidelines for making 
choices among the multivariate criteria are not available (as also 
observed by Friedman and Rubin (1967, page 1163)). Considering the 
extra computational cost of solving eigen problems repeatedly at e'ach 
iteration. It is difficult to identify asny clear cut advantages 
stemming f rom^ the -j^** o f multivariate criteria in grouping students 
when this grouping is? subjected to very restrictive external constraints 
and the identification of naturally occurring clusters is not the 
major goal. 112 
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The Minimum-Variance Criterion 
— — 7?" 

The terra "minimum-variance" has been used by Forgy to describe 
the basis of those methods which attempt to minimize the within-group 
sum of squares. In this context, any method which imposes some form 
of constraint on the spread, or variance, of clustered points is 
included in the category. The classical example of this concept is 
exhibited by Sorensen's method (1948), and the minimum-variance 
approach is epitomized by his statement as reported in Wiahart (1969, (a) 
page 288) "only one demand may justly be made on the nature of the 
vegetation in the limited area under investigation, namely that it be 
homogeneous with as mucH^Al^proxifflation to. idxat mathematical concept as 
nature can offer." To i^^fsa «iae requirement that a plant community 
should exhibit as near ts«e»t ^iitinogeneity as is possible, that is, 
without any major factor of^tiation, is probably a perfectly valid 
constraint in the context of vegetation analyses. As Sorensen went on 
to s^, "the various ty^fl of -wegetation often are so insensibly 
merged as to form a ali^-m scale," and the use of a clustering method 
which searches for "nata?^*'' or "distinct" datum groupings would 
almost invariably fail fc>^, >i*»t the ecologists' demands. 

The underlying as<icia m- variance constraint seems Zo have been 
developed intuitively ifiy.itn che idea that a resultant group of individ- 
uals should be homogeneous in relation to the total set of variables. 
That is, each individual «h(J»J3S be relatively similar to every other 
individual in the same clk«£©r f or each variable. This method pro- 
vides for clustering individual entites into groups on the basis of 
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their overall similarity. Expressed in geometric terms, the set of 
points which constitutes a minimum-variance cluster would be of 
spherical shape and should not possess any major axis of variation. 

The minimum variance criterion is not without its objections 
and Wishart (1969, (a) page 292) noted that such methods produce clusters 
which are 

(a) modified by changes in the character set, ^ 
. V - destroyed by the introduction of non- re levantt characters, 

(c) sometimes partitioned by artificial and unsatisfactory 
boundaries. 

Objections (a) and (b) are related to the purposes of the grouping and 
also to the consequent selection of variables on which the grouping 
is based. Although important considerations for the teacher effecting 
the grouping, these objections also apply to other criteria, indeed 
we would expect, in fact, require any grouping method to be sensitive 
to such changes in the input, objection (c) is of reduced signifi- • 
cance in the problem of grouping students because of the accompanying 
administrative constraints which, without any other considerations, 
would impose critical and unsatisfactory boundaries^on the data. 

Friedman and Rubin (1968, page 1177) while noting that the 
minimum trace W criterion (equivalent to the minimum variance criter- 
ion) is much less costly in computation time than the other multivariate 
criteria also noted its major fault as not taking into account the 
within-group covariance of the measurements (the correlations between 
the measurements) whereas the multivariate criteria do. However, 
Hartigan (1975, page 63), Fleiss and Zubin (1969, page 240) and 
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Cormack (1971, page 326) noted that the correlation structure within 
clusters may vary considerably from cluster to cluster, so that a 
pooled covariance matrix is inappropriate. Fleiss and Zubin consider- 
ed that straightforward correlations between all variables based on 
the entire sample are worse than useless. Positive within group 
correlations may end up negative across all groups, negative within 
groups correlations may end up positive and zero within group corre- 
lations. ;may- end u^fer, from zero. Rather than correlations across 
the entire sample, correlations among variables within groups are 
more appropriate in::identifying::maturally occurring clusters. How- 
ever, such within group correlations areamost frequently unavailable 
and consequently moat researchers ignore the problem of correlations 
completely, although this is hardly a solution. Everitt (1974, 
page 64) proposed a principal ctsoponents analysis on all variables 
prior to the cluster analysis which then employs only the first few 
principal components. Although this line of attack was x:onsidered 
pr'omising, (rleiss and Zubin, 1968, page 243) these critics also noted 
examples where principal component analysis- performs rather rgroorly. 

Because (1) the purpose of grouping students was to produce 
groups of individuals maximally homogeneous in relation to the total 
set of variables and also to enisure that each individual was 
relatively similar to every other individuaiL in the same cluster for 
each variable, 

(2) ttiae grouping was less oriented tosmrds the objectives of 
class ificatiam. or clustering than it was towards the purpose:s of 
dissection., vand 
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(3) because. of the administrative restrictions in the formation 
of groups, the following recommendation was made: 

Recommendation 5 . A minimum variance criterion should be used 
as part of a heuristic-programming technique. 



Minimum Variance Procedures 



The - following twelve methods :arEi merely a representative 
selection from a muck larger _ list ofeminitnum yarianc^^ . 
.After considering these twelve me thodis;, the most relevant were 
selected for further examination, the results of which examination 
were used to develop a profile of ant acceptable algorithm useful for 
grouping students. A decision was then made as to whether any existing 
algorithm had the capabilities required to solve the problem. 

1. Sorens&n (Complete Linkage. iE948) . 

A group of individuals comprise: a cluster provided that no 
two individuals have a similarity which, is less than a critical user 
threshold r. Using d^ this is interpreted to mean tdat the maximum 
distance between any two cluster points must not exceed_.the threshold, 
that is, the threshold defines the maximum permitted diameter of the 

cluster subaet. 

2. MacNaughton-Smith (Furthest Ne ighbor. 1965). 

Each of the n Jauiividuals is originally designated as a 
^ngle-point cluster, ^d a hierarchy is defined by a sequence of (N-1) 
SxsioL steps for whicfc,, at each step, those two clusters having the 
smallest resultant diaaeter at union are combined. The hierarchy 
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obtains all the possible groupings which can be derived by Sorensen's 
method for any threshold value. 

3. Ward (Error Sum. 1963)_ . 

The "error sum of squares objective function" istdefined as 
the wlthin-group sum of squares, or the sum of the squa^d distances 
feom each point to its parent cluster. ^Xhe method is feiined as a 
hierarchical process combining those two clusters whose cEusion causes 
rhe least increase in the bbjcctive-functio^n^^ 

A QnWAl arid mchener (W ^-t ^hted Average /Centroid, 19581. 
The similarity relation between two clusters is measured by the 
squared distance between their centroids D^^, and the method can be 
defined as a hierarchical system which combines those two clusters, 
having minimum D^^. at each of (N-2) fusion cycles. 
5. Rnkal and Michener (pa^ r Rroup. 1958). 

The relationship between a single indivldaal 1 and a cluster P 
13 defined as the average of the similarities between the individual 
and all the cluster elements. In a sequence of growth cycles, that 
individual for which this value is a minimum is fused to ±he cluster, 

concerned. 

6. Bonner (Method III. 1964) . 

A critical distance threshold r is chosen, and an individual 
selected at random is used as a starting point. The first cluster 
consists of those points which lie within a sphere -of radius 3: about 
the starting point. From the remaining joints, another is ctwsen at 
random to initialize the second cluaazer. and allocation proceeds as 
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before. When all the point" - allocated to clusters, . a is re- 
allocated to its nearest cluster center to form disjoint groups. 

7. H yvarinen (1962) . 

The process is identical to Bonner's except that, rather than 
choosing random individuals, "typical" points are selected to 

initialize cluster centers, and the final clusters are defined at ^'■■'-^'■^ 

allocation time. An information-loss statistic is used J:o detect 

"~ :'■ ■ ,.; ; .-, 2 . ■ ■■ 

"tvpical" individuals , but in the -context of d , that point nearest .™ 

^' > ■ ' • " , ■ ■ , ■■■ r -.'■Vs; 

-^>- the^centrold of the residual set might suffice. 

8. Ball and Hall (1965) . ■:-4< 
K individuals, selected at random, initiate cluster centers, 

and then each of the remaining individuals is allocated to its nearest 
center. The cluster centroids are computed and any two clusters P 
and Q are fused if I>pQ i^ less than a user threshold. Also, clu*.::ers 
are split if the variance in any one dimension x exceeds another 
threshold S^* The cluster centroids replSace the original centers, 
and the method reallocates each datum afresh, and iterates to conver- 
gence. 

9. MacQueen (1966) . 

K random individuals are selected to initialize cluster cenfcera. 
The distance from each datum to ±kB nearest cluster ranter is computed, 
and the point is allocated to that cluster if the distance does not 
exceed a threshold r; when the distance exceeds r, tthen the point 
initializes a new cluster centre. At each allocatiEm, the new 
cluster centroid is computed and replaces the original cluster centre, 
and when the distance between two centroids becomes less than another 
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limit, the clusters are fused. The process iterates until convergence, 
and final clusters have the diameter constraint 2r. 
10. Sebestyen (1962) . 

This method resembles MacQueen's allocation algorithm with the 
exception that two thresholds are selected (defining spheres of 
radius :c and R about the cluster centers, r R). If the distance from 
datunn-to its nearest^^center-^isaess- than r it joins tl^^^^ 

if the distance is greater than r but less than R^^ 

aside and allocated at a later iteration, and if the distance exceeds 
R then tie point initializes a new cluster center. Cluster diameters: 
are therefore constrained to 2R. 
11. Jancev (1966) . 

Rather than select k random individuals, Jancey selects k 
random points for centers and allocates each datum to its nearest 
cluster center. When all the points have been allocated, the cluster 
centroitia are computed, and the centers are moved to new positions 
relative to the centroids. The method then returns to reallocate and 
iterates to convergence. Jancey proposes an ••over-relaxation para- 
meter," ±o determine the new cluster centers after reallocation, which 
he cladans; speeds up the approach to equilibrium. However, the result, 
at convergence, is that the final cluster centers are sited at their 
centroiids. As such, the method does not have any marked diameter 
constraint. Jancey goes on to propose that different values of k should 
be testes,, the optimum solution being obtained when the total within- 
group variance is minimized (the definition of total within-group 
variance, is .exactly the same as Ward's error sum of squares) . 
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12. Forgy (1965). 

in search of the ideal minimum-variance solution, Forgy adopts 
ward's hierarchical process to obtain a part-optimum solution for k 
clusters and then proceeds to reallocate cluster individuals to 
their nearest cluster centers. After this, he tries "sliding the 
partitions back and forth between each pair of centroids" in an 
attempt to improve the error sum of squares. The final groupins are 
very similar to those obtained by Jancey's method. 

Some of the. above minimum variance methods are hierarchical 
and therefore it is proposed not to discuss them further. Rather, 
the partitioning procedures of Forgy, Jancey, MacQueen, and Ball 
and Hall as well as variants on them proposed by Wishart and McRae 
will be examined. The discussion is presented within the framework 
of 

(a) initial configurations 

(b) nearest centroid sorting. 

Initial Configurations 

The methods discussed here begin with an initial partition of 
the data units into groups or with a set of seed points around which 
clusters may be formed. 

Seed Points 

A set of k seed points can be used as cluster nuclei around which 
the set of m data units can be grouped. The following methods are 
representative examples of how such seed points can be generated and 
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were provided by Anderberg (1973, page 157). 

1. Choose the first k data units In ttr- data set (MacQueen, 
1967). If the initial configuration does not influence the ultimate 
outcome in any important way, then this method is the cheapest and 
simplest. - 

2. Label the data units from 1 to m and choose those labeled 
m/k, 2m/k,..., (k-l)m/k, and m. This P?«.thod is almost as simple as 
method 1 but tries to compensate for a natural tendency to arrange . 
the data units in the order of collection or some other nonrandom 
sequence. 

3. Subjectively choose any k data units from the data set. 

4. Label the data units from 1 to m and choose the data units 
corresponding to k different random numbers in the range 1 to m 
(McRae, 1971). 

5. Generate k synthetic points as vectors of coordinates where 
each coordinate is a random number from the range of the associated 
variable. Unless the data set "fills" the space, some of these seed 
points may be quite distant from any of the data units, 

6. Take any desired partition of the data units into k mutually^ 
exclusive groups and compute the group centroids as seed points 
(Forgy, 1965). 

7. An intuitively appealing goal is to choose seed points which 
span the data set, that is, mbst-data units are relatively close to 

a seed point but the seed points are well separated from each ottfg?. 
Astrahan (1970) strives for this goal by using the following 
procedure : 191 
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a. Compute the -density" for each data unit as the number of 
other data units within some specified distance, say dj^J 

b. order the data units by "density" and choose the one with 
the highest "density" as the first seed point; 

c. Choose subsequent aeed points in order of decreasing 
"density,'^ subject to the stipulation that each new seed 
point be at least a minimum distance, say d2, from all other 

previously chosen, 
continue choosing seed points until all remaining data units hm^^^^ 

zero "density," that is, they are at least a distance of dj^ from 
every other data unit. Assuming that an excess of seed points are ^ 
generated by this method, hierarchically group the seed points until 
there are just k such points. 

The choice of the d^ and d^ parameters may require good judg- 
ment or several guesses; if d^ is chosen too small there may be many 
isolated data units with zero density whereas if d^ is too large a 
few seed points will cover the entire data set. In general, d^ should 
be larger than d^; unless d^ is at least twice d^ some data units may 
contribute to the density value of more than one of the chosen seed 
points . The elaborate nature the method makes it more expensive 
than the alternatives. 

8. Ball and Hall (1967:, pages 72-74) suggest a somewhat simpler 
approach than that used in method 7 above. Take the overall mean 
vector of the data set as the first seed point; select subsequent seed 
points by examining the data units in their input sequence and accept 
any data unit which is at least some specified distance, say d, from 
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all previously chosen seed points; continue choosing points until k 
seed points are accumulated or the data set ia exhausted. This 
method is sufficiently simple that two or three values of the threshold 
distance d could be tried if the first value gave too few seed points 
or examined too little of the data set. 

This list of methods certainly is not exhaustive, but it does 
provide a setting for a few observations. First, methods 1, 2, 3, 4, 
and 8 all share the property that every seed point is itself a data 
unit, and therefore any cluster built around such a point will have 
at least one member; the seed points from method 5 easily could 
result in one or more empty clusters, whereas methods 6 and 7 are 
relatively immune to such oddities. Second is the topic of random- 
ness; methods 1, 2, 4, and 5 have elements of randomness about them, 
either through an implicit assumption of random ordering of data 
units within the data set or through explicit random selection. Third, 
indifference may be case aside in preference to a deliberate effort 
to span the data set with seed points as in methods 7 and 8. Such 
methods seem less prone to giving distorted or badly balanced 
configurations than are methods involving random selection. Methods 
like 7 and 8 are, however, computationally more expensive. 

Initial Partitions 

In some clustering methods, the emphasis is on initially 
generating a partition of the data units into k mutually exclusive 
clusters. Some methods of generating such partitions are considered 
below, in several of these methods, a set of seed points is used. 
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1. For a given set of seed points, assign each data unit to 
the cluster built around the nearest seed point (Forgy, 1965) • The 
seed points remain stationary throughout the assignment of the full 
data set; consevpently, the resulting set of clusters is independent 
of the sequence in vhich data units are assigned. - 

2. Given a set of seed points, let each seed point initially 
be a cluster of one member; then assign data units one at a time to 
the cluster with the nearest centroid; after a data unit is assigned 
to a cluster, update the centroid so that it is the true mean vector 
for all the data units currently in thatcluster (MacQueen, 1967) • 
The cluster centroids migrate so the distance between a given data 
unit and the centroid of a particular cluster may vary widely during 
the assignment process; accordingly, the resulting set of initial 
clusters is dependent on the order in which data units are assigned. 
MacQueen's suggestion of using the first k data units as seed points 
permits the assignment process to begin with the data unit numbered 

k + 1; therefore, it is unnecessary to be concerned with the possibility 
of using a data unit twice, once as a seed point and once in the assign- 
ment process. 

3. m most cases, a hierarchical clustering method can produce 
an excellent initial partition. Wolfe (1970) used the Ward 
Hierarchical Clustering Method to tjrovide an initial set of clusters 
for his algorithm. However, a complete hierarchical clustering of 
the entire data set may require more effort than the rest of the 
analysis and certainly tends to limit the size of the problems than 
may be considered. 1 O ' 
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4. Various random allocation schemes could be used. For 
example, assign a data unit to one of the k clusters by generating 
a random number between 1 and k. The difficulty with all such random 
schemes is that the resulting groups are spread more or less uniformly 
over the entire data set and their centroids are k different estimates 
of the data set mean vector. Such groups have no properties of 
internal homogeneity and are not clusters at all. In general, 
random allocation to groups is not an attractive alternative. 

5. The user could use his judgment to sort data units into an 
initial partition. Because the specifying of seed points leads to an 
initial partition and because most of the methods reviewed for 
establishing initial partitions use seed points anyway, it is recom- 
mended that the preferred procedure begin with a set of seed points. 
This procedure (a) shor.ld scan the whole data set and (b) take into . 
account the "density" or compactness of the data units in the data 
set, thereby being less likely to result in distorted or badly 
balanced configurations than are methods involving random selection. 

Recommendation 6. Seed points leading to an initial partition 
should scan the whole data set and take into account the density of 
the data set. 

Nearest Centroid Sorting 

A set of seed points can be computed as the centroids of a 
set of clusters, and a set of clusters can be constructed by assigning 
each data unit to the cluster with the nearest seed point. The 
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simplest iterative clu^csuring methods merely consist of altestetlng 
tto two processes .^^11 they conve*^ *c * a^^able canfiguraciofe. 
Prated below ^re m^^*rr-: such methoas, to tte. basic pCdbiem 

of sorting the data u^^tE into a fixed nmter of clusters i^nch. tt^mt 
every data unit ibelo- • »o one and only one cluster. 

Forgy's Methnd and Anosi^'s Modification 

Forgy (1965) siss^sted a very slmife algorithm consists; ^ of 
the following sequence of steps: 

1. Begin with any desired initial configuration. Go to step 2 
if beginning with a set of seed points; go to step 3 if beginning 
with a partition of the data units. 

2. Allocate each data unit to the cluster with the nearest 
seed point. The seed points remain fixed for a full cycle through 

the entire data set. 

3. Compute new seed points as tha centroids of the clusters of 

data units. , 

4. Alternate steps 2 and 3 until the process converges; that 

is, continue until no data units change their cluster membership at 
step 2. 

jancey (1966) independently suggested the same method except 
for a modification at step 3. The first set of cluster seed points 
is either given or computed as the centroids of clusters in the initial 
partition; at all succeeding stages each new seed point is found by 
reflecting the old seed point through the new centroid for the cluster. 
Figure 2-6 illustrates the process. The line from point 1 to point 2 
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may be viewed aa an ap^ixsi^St-^iiov^J^^ the local gradient, tiJi^ direction 
in .which the seed point abP'tli 'S««s- for greatest improvemenr in the 
partition. However, since 4*ta \s&vstB were assigned to the cluster 
on the basis of their proKtSalty Ci!5j goint 1 rather than point. 2, it 



3. 

' New wed punt 



■<Old s»ed poi>'i_ 



Figure 2-6; Jamiiej^'s» Seed Point Reflection Method 

might be inferred that theiasov^aent of the centroid was retarded, and 
therefore the new seed pc±nt sfeoald overshoot the confuted centroid. 
Jancey suggested that: this: tschaiique will accelerate convergence and 
possibly lead to a better cov«raU solution through bypassing inferior 
local minima. 

Since the seed points cBSTcecomputei only after the full data 
set has been reallocated, Hfee T::CTtilts of these two methods are not 
affected by the sequence of the data units within the data set. 

MacQueen' s k-Means Method, and a Variant . MacQueen (1967) used 
the term "k-Means" to denotae tterfEXOcess of assigning each data unit 
to that cluster (of k clua^ers) with the nearest centroid (mean). The 
key implication in this {mjcessBrte that the cluster centroid is computed 
on the basis of the clust2>r*s current membership rather than its 
membership at the end of the last, relocatiQn„cycle.,a8. with the Forgy 
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and jancey methods.- MacQueen's algorithm for sorting m data uni;^ 
into k clusters is compoaod of the following steps: 

1.. Take the first k data units in the data set as clusters 

one member each. 

2. Assign each of the remaining m - k data units to the cluaassr 
with the nearest centroid. After each assignment, recompute the 
centroid of the gaining cluster. 

3. After all data units have been assigned in step 2, tali* the 
existing cluster centroids as fixed seed ipoints and make one morei 
pass through the data set assigning each data unit to the nearest 
seed point. 

The last step is the same as the Forgy method except that the 
reallocation phase is performed just once rather than being continued 
until convergence is achieved. 

By using the first k data units as seed points and relying on 
only one reallocation pass, this method is the least expensive of all 
clustering methods-discussed. 

However, blindly using the first k data units may be less than. 
satisfectory unless thE user can arrange to place his choices for the 
initiait centroids at the front of the data set. 

The set of clusters ponstructe^ in step 2 of the algorithm 
depends on the sequence in which the data units are processed. 
MacQueen (1967, pag&-290) reported some preliminary investigations 
into this effect. His experience indicates that the ordering of the 
data units has only a marginal effect when the clusters are well 
separated; differences ffrom one ordering to the next are due largely 
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to arabiguitieB arisii^ from data units ^rfilch :iiall setween clusters. 
MacQueen also -sseportatflthat he tried tkree different orderings when 
grouping a set data units into IS cIusssbtsi? the vithin group 

error sum of :«ancares differed by at most 7% ^anoug the three isets o£ 
clusters. 

The eccffiomy o£ effort inhesrent in thiaonethod stems from 
acceptance of rthe first reallocation of data units as opposed to 
continued processing until convergence is achieved. Apparently thei 
method gives useful resultts because most major changes in cluster 
membership occur with the first reallocation; subsequent reallocatione 
usually resulir: in relatively few reassignments. 

A convHTgent clustering method using ifae k~means process can 
be implemented through the following sequence of steps: 

1. Begin with an initial partition of the data units into ^ 
clusters. If desired, the partition could be constructed by using 
steps 1 and 2 of the-ordinary MacQueen method, tthough any of ithe methods 
given earlier could aJsso be use^. 

2. Take each idkta unit in: sequence and compute the distances 
to all cluster centxxrilds; if ties nearest centroid is not that: o£ the^ 
data unit's -parent cluster, tsfem reaaeign the idata unit and update tihe 
centroids oi ttiie -losing and gatiziing clnsters;. 

3. IRep^t «sp::2 untLl convezigpace is sAieved; that ±s^, :cxmr 
tinue until a:^ulIL cgrcle through the (data set :^l18 to cause jasny 
changes in clmister membership. 

This convergent k~means process is a basic element of Wishart::*s 
RELOC and McRae*s MIKCA computer programs (Wtshart, 1970, page 45 and 
McRae, 1971, (c) page 6). 
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Comrergence 

Of the is^arest .-sitiQid methods , Jancey's aethod cannot be shown to 
■be cr^nvergent. (Andert>er^:. lW3 , page 162) and, l^Queen' s k-means method 
IwnJLves onlr two passes aaad. hence does nat cnysitinue to convergence. 
HcM«ftver. the maharr^i ShdSaa variants of: tfe k-means are convergent, 

as -ts. the Forgy al guxiiMjIat.- 

The criterion ciam ..for deciding ci)nvs^nce of these clustering 
methods is stability cluster membership; aSt alternative criterion is 
3C3biHty of the cluster ^ed points . These itwo criteria, are equivalent 
. for the Forgy and convergent ik-.mEans methods Sre cause the seed points are 
the cluster . ^ntroids^^hich^are ^dependent onl??- on the cluster memberships. 

A broad outline of the. cotroergence proof for the Forgy and Wishart, 
McRae k-means algorithms involves the following steps: 

1- t: t: (2.7) 

i=i i-i 

denotes the enra*: sum an£ sqi:^s for cloaster k. For a given partition 
f a data set ii:te h clusters,, t=he totai:within group error sum of squares 



o 

is ^ 



k=L 

n 



and W ha£:^a ahaasa^ies^tic v«2ne ^ -he-pasdd. Note that ZI (x^^j j^-x^^) 

is theisiuaredl&iciiii^sn distsnre aecween centroid of cluster k aad 
the jth data unii:;irtEaHBat:rclnst2a::::. ^ 

2 . The nuEfeET cj^ di^ejaait wag^s a dalts set of m data units may 
be partitioned iitto :h:cluaters is a Stirlii^ number of the second kind 
(Chapter II, page ES).. 

1 (2.9) 

O m h! i 
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which is a finite number, if m is finxte. Therefore, any method 
vtetch geneacAtes each partition at most onsaE ia fin±tely convergeat 
because there are only finitely many sSfersnt partitions. Consider 
methods in which the current part^ioa t*-aitexed amly i5 the chsange 
gives a new paartition with a smaller taasal within groap sum of 
squares W. S&tce each partitionuhas a eitaracteristtc value of 
Sttch methods eannot xfigenerate a partiit±on which was abandoned at 
an: earlier stage: and therefore such we^ds are convergent. 

The "canvergent k-means" methofcand^For^y' s metihod can nnw be 
shown to be convergent. Let the mostnsscently caararted set. of cluster 
centEDida be denoted as the seed pointrsr. In bothiaethods, ca data 
unit is reallocated only if it d±s nearer to the seed point of the 
gaining cluster than to tfee s«rf. point of the gaining ciustear than to 
the seed point to^ ifee- losing cS»«*a:; if the distamre fiinction is 
chosen as Euclttean aafstance (&t anypower thereof r« we ighiced 
Euclidean distance)., then theasiiw squasasd deviatt™ abosfc tj^^ 
seed point decrsHas iwre Ifec i^ie Imi^s dEnster thaa Et innseaass 
for the gaining3a«iBi:eE,t?teel^ gtsrtng^mosoverall decreaseifcniBum^^^rf^ 
squared devtatians about t^^z^d poinfis for the partition asvhol%. 
in addition, this Jsum. of squared devi^ions is decreased eveniiEurther 
If it is computed -abont the.rnew centroids of the clusters rata 
than the old seed poiaots. Thus, each new partition has a loKsr walue 
of W than does ±he sortition, from vihilch the ^seed points were, xongmted 
and therefore tsSsasatts itBi^s6Ead:s sare convea^ent. 

The sSerencerbetwesi- the lForgy and k^meaffi: method 

is that in theiiormer tthe centroids -remain fixed :f or a fuEEcycle 
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through the entire data set, whereas, In the latter, only the losirsg 
and gaining clusters have their cenrroids updated* In both cases;, 
alterations are continued until comrergence is acMeved, 

Both reallocation methods axaei simply and diLrect and both s^em 
suitable. However, the k-means met&aidl appears to dterobmr more ccalcu*- 
lations of centroids and distances^ and therefore tsfe Forgy realloca- 
tion method was preferred. The misratuxe did not: contain a 
mation on the comparative effic^Enepy of these twonmEthods. 

Recommendation 7 ; The Forjgy reallorcation priocedure shoald &e 
used to produce a local minimum of tSba total withi«t groups sumr of 
squares criterion. 

The algorithms observed abo^ \3X£l±ze ^learef ^ osntcnffiffi sorJriti^g: 
with Etxed numbers of gEDups. The IfjfiteaMture^^ cStester simlyzsfxs^. 
as one would expect, coirtains similar^ imt: mors ieSaiora algma^tfinff 
which permit the adjustment of :tiie/^MQter of grnBimiffi to confoCTt to 
this apparent natural structure^ oiE itSiaiiK^ d^ SepreseiiEtatesae (sf 

this set of algorithms raxe: 

(1) MacQueen*s fermean method wStrh coarsenSngv^sand refiniaig 
parameters (MacQueen, 1967, page '3&1L} 

(2) Wishart ' s RELOC pTTngram nSfefedl 32Se parx stS SaSs: CIilIIS15®Ii IM. 
package (Wishart , 1971 ^ (c) page:^-^ 

(3) Ball and Hall's ISODAIM me^^^^ 1965:,, 33age 1) . 
Because the p rob lem::bfVTfn^^;?gxam±Hediidid not Ty&qaire the^I^dl 

iELexibildty of variable nuniers zcs£ grottps^, these s^gorlthnt'^ wereaot 
considered further. 
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Some Implications of Reconanendations 5, 6, and .7 

The selection of a minimum variap.ee criterion and the Forgy 
reallocation method necessitates the use of a distance function to 
express the similarity between pairs of entities. The most comnonly 
used distance measure and the most familiar is the Euclidean metric 
where the distance between points i and; j denoted by d^y is defined as 



(2.10) 



Where is the value of the kth variable for the ith entity, 

Sucliidean distance may be very -unsatisfactory since it Is badly 

affected changing the scale of a variable. Even when all the 

variables are uniquely determined except for scale changes, Euclidean 

distance will not even preserve distance rankings. Because of this, 

variabiles are frequently standardized before employing Euclidean 

distance by taking z^^ = (X^^) / ( C^j^) , or X^^^-^ where ^^^^ is the 

€-k , 

standard deviation of the kth variable. Although this has problems, 
the Euclidean distance calnulated from the standardized variables 
will preserve relative distances. 

The principal idea in equalization Is to remove the artifact 
of the measurement unit and anchor each variable to some common 
numerical property. Recognition of this scaling difficulty led to 
the following recommendation: 

Recommendation 8. All variables on which the grouping is to be 
based should be standardized. 
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The importance of each variable to the purpose of the grouping 
is most properly reflected in the user's choice pf these variables. 
It is probably the choice of variables that has the greatest influence 
on the ultimate results of a grouping. It is important to bear In 
mind that the initial choice of variables is itself a categorization 
of the data which has no mathematical or statistical guidelines, 
and which reflects the user's judgment of relevance for the purpose 
of the classificatipn. This, of course, could also be saiid of the 

entities chosen for study. 

Rigid adherence to standardization of variables- is, tantamount 
to saying that an increment in standard deviation is equally impor- 
tant for all variables regardless of the purpose of the grouping. 

Apart from their inclusion or omission from the grouping, 
variables may be accorded more or less importance by applying weights 
so that agreement with respect to these variables counts for more or 
less than agreement on others. Although the concept of weighting is 
a contentious matter in the clustering literature, it appears to be 
un acceptable option in this situation. It is a useful option where 
the user wishes to influence the grouping in a particular manner. 
This led to the following recommendation: 

Recommendation 9 . The measure of similarity to be used should 
be the weighted Euclidean metric 

where is the weight attached to the kth variable. 
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The Euclidean metric is usually employed with data measured on 
an interval scale. 

Scales of Measurement 

Criterion V (page 38) provides for the use of data measured on 
different scales when this is considered relevant to the purposes of 
the grouping. It will therefore be necessary to convert heterogeneous 
data into interval form before processing it. Mixed variable data 
sets can be troublesome when clustering data units. Not only is 
there the problem of measuring association between data units while 
using different types of variables, but there is also the problem of 
weighting the contributions of the different variables. Binary var- 
iables present no difficulties since they may be treated directly 
within the framework of interval variables. Likewise, ordinal 
variables are not too troublesome, since they may be treated as 
interval variables by using ranks as scores. The difficult problems 
arise in the simultaneous use of interval and nominal variables. This 
case is a most difficult scaling problem and can only be solved by 
inducing an ordering among the classes as Well as an equal spacing of 
the classes. Although Anderberg (1973, page 127) identified some 
methods for doing this, the grouping procedure being outlined appears 
to be restricted to binary variables, variables measured as ranked 
classes, and variables measured on an ordinal scale or an interval 
scale. The inclusion of nominally measured variables does not 
appear to be a serious problem considering the purposes of, the group- 
ing as well as considering the factors likely to be used in the 
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grouping (see pages 28-36)." " 

Concltisions 

The problem of [grouping Students for instructional purposes 
had two major components; _ 

(1) a set of consarraints on the groups to be formed, 

(2) maKimizing: ti»;thomo«eneity of these groups as this is 
measured by the degree, of similarity among chosen characteristics . 

Chapter I primaxi2gr dealt with identi fylng the nature of the 
grouping situation as wail as thervarious constraints. The two most 

restrictive of whiciit wta-e: 

(a) placing 3in the one: igroup only students eligible for the 
skill- or topic to be stuaHied Jjy that group, 

(b) the prior determination of the size of each of the groups 
to be formed. 

Chapter II has iocused on procedures which lead to the forma- 
tion of imaximally iunnDgeHEous groups. Tfiese procedures were introduced 
independently oiE aigr -amministrative constraints. Typically^ investi- 
gators who use (clusl:ering tedcmiques are not concerned with constrain- 
ing the data but rather seek ±o identify freely occurring groups or 
clusters presentin ithe dita. Accordingly, the homogenizing procedure 
outlined had not been considered within the operating framework 
imposed by the constraints. Without further development, such an 
algorithm was inadequate for solving the problem of grouping students. 

Most heuristic algorithms are designed to solve particular 
probleins and are structured to take advantage of the individual 
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characteristics of these problems. McRae (1971) appeared to be the 
only Investigator who has applied partitioning techniques to the 
problem of grouping students for instructional purposes. Although 
McRae utilized similar clustering techniques to these reviewed here, 
their application did not involve constraints of the kind found in 
this present problem. 
Because of: 

(1) the structure searching purposes of _c algorithms, 

(2) the individualistic nature of heuristic algorithms, and 

(3) the lack of applications of computerized grouping 
procedures in school settings, 

it was obvious iy the case thai t no Wa algorithm could be 

directly employed to solve the grouping problem being investigated. 
It, however, was the case that some features of these other procedures 
could serve as the basis of a design for an algorithm useful in 
grouping students for instructional purposes. 

The development of an acceptable algorithm concerned the fitting 
of a homogenizing procedure within a framework of administrative 
constraints. It was considered that such an algorithm should comprise 
the following essential elements (it is assumed the number of groups 
to be formed is known): 

(a) a criterion to be optimized 

(b) a measure of inter-atudent similarity 

(c) the determination of seed points around which to form groups 

(d) the allocation of students to groups on the basis of 
learning characteristics 
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(e) the continued relocation of student s to groups to op tlmi^^^ 

the criterion 

(f) the allocation of skills/ topics to groups 

(g) the allocation of size limits to groups 

(h) the imposition of group size constraints ^ 

(i) the imposition of eligibiilty conetr^i^s. 
Operations (c) through (i) are all directly related to the 

formation of groups. These operations can be performed in different 
orders and presumably will produce dif fH?.!?l^.^^^ 

of these different sequences. For example, it is possible that one 
sequence would proceed as follows: 

1. The selection and allocation of skills/topics to be studied 

by each group 

2. Allocation of size limits to each group 

3. The determination of seed points for each group 

4. The allocation and reallocation of students to these seed 
points to form groups for which they are eligible and which maximizes 
the criterion of homogeneity 

5. The imposition of group size constraints. 
Another sequence of elements could be as follows: 

1. Determination of seed points 

2. Allocation and reallocation of students to seed points to 
form groups which maximize the criterion of homogeneity 

3. Allocation of size limits to each group 

4. Allocation of skills/topics to be studied by each group 
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5, Imposition of eligibility constraints 

6, Imposition of group size constraints 

These are but two cjf many permutations of the steps In the 
grouping procedure, Wliich premutation yieldeid the most satisfactory 
results was the subject of an empirical evaluation, the plan of which 
is presented in the next chapter. This evaluation plan ia^preceded 
by a detailed description of the several algorithms developed. \, 
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CHAPTER III 

FOUR GROUPING ALGORITHMS AND EVALUATION PLANS 

The grouping procedures described in this section have as their 
specific objectives the forming of groups of students to 
(i) maximize the homogeneity of the groups, and 
<ii) minimize the number of students oniitted from the 
groups. 

The administrative constraints which help determine the profile of an 
appropriate grouping procedure, together with the basic elements of 
the procedure, have been identified in Chapters I and II. Consequently, 
four alternative algorithms have been developed on the basis of this 
research. 

Each procedure is described in terms of its (a) user options, 
(b) input requirements, (c) sequence of steps, and (d) outpvit. 
Accompanying the description of each procedure is the rationale for 
each feature not previously mentioned. Also flow diagrams are provided 
where they appear to be helpful to the reader. In the descriptions 
which follow "skill" is used synonymously with "topic" and refers to 
a small segment of an instructional program, usually pertaining to a 
limited number of instructional objectives. 

The first grouping algorithm (Groupal A) 

(1) initially selects iskiils, 

'I i 

(2) matches group sizes with skills, 
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(3) allocates eligible students to these groups to maximize 
their homogeneity, and then 

(4) applies other constraints. 
The second grouping algorithm (Groupal B) 

(1) initially allocates students to groups to maximize 
homogeneity without any constraints, 

(2) then on the basis of these groups, selects skills, 

(3) and finally applies other constraints. 
The third grouping algorithm (Groupal G) is Groupal A modified 

to include student eligibilities (weighted) with student characteristics 
in the assignment of these students to groups • 

Student eligibilities are coded 1 for eligible and 0 for ineligi- 
ble. To be eligible for a group, students must have (i) mastered all 
prerequisites and (ii) not mastered the skill assigned to the group, 
either on a ^'re*'test or post-test. 

Student characteristics are those variables such as achievement 
scores or learning style scores on which the homogeneity of the groups 
is based. 

The fourth grouping algorithm (Groupal D) is Groupal B modified 
to include student eligibilities (weighted) with student characteristics 
in the initial allocation of students to groups. 

For each procedure, each group's profile was developed cumulatively 
as a set of assignments. 
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Groupala A and C 

akili skill skill skill 

size size size 

seed point seed point 

students 

stage 1 Stage 2 Stage,! Sta£e_4 
After Stage 4, the constraints on the grouping were applied. 

Groupals B and D 

seed point seed point seed point 

students students students 

skill skill I 

size 

Stage 1 - S^fie^ Stage^ 
After-Stage 4, the constraints on the grouping were applied. 

_ln the descriptions which follow, it is assumed that each stu- 
dent's record conta&is the student's ID number and name, scores on ea^h 
^ student characteristic and eligibility data on each of the skills of 
the instructional program being used. 

Groupal A 

1. Options 

The user specifies whether: 

a. eligibility for skills is to be taken into account, 

b. student characteristics are to be taken into account, 

c. the one skill can be studied by more than one group 
(i.e., single or multiple usage of skills) 



142 



123 



Rationale 

Option la provides the procedure with greater flexibility by 
making it applicable to instructional programs without a prerequisite 
structure but where student characteristics are taken into account. 
Similarly option lb., applies the procedure, to, instructional programs 
with prerequisite structures but where student^ characteristics are 
not taken into account. Option It recognizes that limitations on 
the availability of learning materials required in the study of program 
skills may Jje ait important coristssiat on the grouping. Multip^ja usage 
of skills amy pEovide a greaterr.«egree of homogeneity than sin&le usage 
of skills tecause when ImplementEdrmay permit more possita-e reiocattons 

of studentr. 

2. Input 

The Tjser specifies: 

a. the number of groups to be formed, 

b. the size of each group to be formed 
as a range (e.g., 20-25), 

as an exact size (e.g., 20-20), 

or without effective size constraints (e.g., 01-99), 

c. the number of students to be grouped, 
'd. the number of sklllia to be cooflidered, 

e. the skills to be considered, 

f. the number of student characteristics to be considered, 

g. the student characteristics to be consideiced, 

h. the identity of the students to be placed In different groups 
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i. the maximum nuinber of iterations permitted in the 
. relocation process. 

Rationale. 

The ratiaaale for steps 2a to 2g iB directly based on the problem^, 
a. daSned on page 56. Step 2h pra^ts the placing irv^^^ ; 
of those stadentBz considered to be ^compatible. ^i restricts the ; 
number of; iieratxDns in the relocat^m process in case convergence is 
very slow ani^ostly. 
3. Range ones t 

If: -a^ — lower limit of gcoup i, 
= upper limit of group i, . 
n = number of students to be grouped, 
and g « number of groups, then _ 
for the grouping to be feasible 

i a^^ nie i b ^3-1) 
i=l ^ i=l ^ 

If condition (3-1) is not met. the diagnostic "group sizes not compatible 
with total number o£ students" is printed. However, the grouping 
procedure is continued, 
4. Student Data 

a. Calculate the number of students eligible for each skill 

considered. 

b. Calculate the mean of each student characteristic and 
substitute the relevant mean for each missing unit of data. 
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c. Calculate ifehe vafiince and standard deviation of each 

student characteristic. 

d. standardize each astudient characteristic. 

5. Selection of Skills and Matchi ng of Group Sizes 

a. For single usagerof 'skills, select skills in order of 
greatest eligibility 

b. Match, group sizesnrequested with skills selected as a one- 
to-one correspondence between the group sizes and the number 
of students eliglile for the skills chosen, each ranked in 

' descending order ;of^^"^^^^^ " 

be formed is assigned the skill for which most students are 
eligible and also is assigned the greatest of the requested 
sizes . 

c. For multiplt usage of skills, use the same procedure except 
after each selection and matching, calculate the remaining 
eligibility for the skill selected as (e - a^) where e is 
the number eligible and a^ is the lower limit of the 
corresponding size. Consider these new eligibilities 
(remainders) in subsequent selections and matchings. 

Rationale 

The correspondence in the rank orderings of eligibilities and 
group sizes may provide for an acceptably small number of students 
Omitted completely from the grouping as well as reduce the number of 
relocations of students later in the process. These same two advantages 
may be enhanced by use of the -multiple usage of skills" option which 

I 
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is also likely to result in greater homogeneity of groups in those, 
cases where more than one group is assigned the same skill. 
6. Selection of Seed Points ^ 

a. Where each group is assigned a different skill . For csaxh 
such group, calculate the meanj:o:f each student charatssrls tic 
(in standard score form) over all students eligible ctc that 
group. Each vector of means represents a seed point:. 

b. Where more than one ja;roup is assigned th e same skill. 
(The following procedure is employed for selecting seed 

points whenever more than one group ca^^^^ 

same skill.) 

For all students eligible for groups^ aBEKCgned the same: 
skill 

(1) All pairwise dtstaoces are calculated. 

(2) The two most distantrjffitiudents, sey A and B are 
identified. 

(3) The range (difference between vectors of scores :fdr:: A 
and B) is calculated. 

(4) The median student vector, say M is ^termined. 

(5) Calculate |a-M | and |b~m1. 

Select A if |a-m| < |b~m| (3-2) 
Calculate the distances of all students from the 
selected end point (A or B) and consider these distances 
in ascending order. 

(6) Consider each group in descending order of its lower 
limit. 
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(7) Determine the number of students in each initial 
partition as follows: 

(a) If n is the total number^ of students to be grouped, 
g is the number of groups to be formed, 

is the lower limit of group .i, .i=i. • -S 
(a^ ^ group with greatest lower limit) and 

g 

a = total of all g lower limits, 

iSl ^ 

then the number of students in group i (G^) is 
given by 



= n X { _i_J ^ i=i...g (3-3) 

The first Gj^ students of the list established in (5) 
above form the first initial partition, the next 
students form the second initial group, and so on. 
(8) Seed points are calculated for each of the g groups as 
the vector of variable means calculated for students 
selected into each group. 

Rationale 

In this "proportional division" procedure, the determination of 
seed points is independent of the order of the entities and considers 
all of them. It also considers the density of the distribution in 
partitioning the set of students proportionally to the sizes of the 
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groups rather than in equal proportion. Because students are selected 
for these ordered groups in the order of least distance from A, this 
procedure may result in the selection of well separated seed points and 
a reduced number of relocations later on in the process. 
7— Uocation-Relocation 

a. Calculate the distance of all students to seed points. 

b. Allocate all students to seed points to form groups on the 
bases of least distance and eligibility. 

c. Establish an omissions group for students ineligible for. 

any skill chosen. 

d. Calculate (a) total distance, (b) total sum of squares 
within, (c) the mean sum of squares within, and (d) centroid for each 
group. 

e. Use these new centroids to recalculate the distances of all 
students to these centroids and relocate students as in 7b. Repeat 
steps 7d and 7e until convergence occurs. Convergence is attained when 
there i is no chance in the total distance for two consecutive iterations. 

f. Calculate the number of students assigned to each group. 
Where this number exceeds tiiT upper limit set for the group, relocate 
students in the following order: * 

Using the distances of all students to all seed points as caluclated 
at the end of the last iteration, select students for relocation in the 
order of greatest distance from their respective seed points thus 
retaining the greatest possible homogeneity. Assign these students to 
groups for which they are eligible in the order of least distance to 
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the new cent roid. Assign students selected for relocation and who are 
ineligible for any other group to the ondssions group. The diagnostic 
"Ineiigible for group-because of size constEaints|' is printe 



Rationale 

In cases where the group is overloaded, the number of students 
identified for relocation is the miniraum (i.e. the excess oyer the 
upper limit). Students less distant from the centroid but perhaps 
eligible for other groups are not considered. Rather than make an 
arbitrary decision involving increasing omissions and decreasing 
homogeneity, the diagnostic referred to in 7f above is printed and the 
decision concerning reinclusion is left to the user. 

8. Incompatible Students 

If incompatible students are indicated and are in the same 
group, that incompatible student furthest from the centroid is removed 
and placed in the group with the nearest centroid and for which the stu 
dent is eligible. Otherwise, the student Is placed in the omissions 
group with the accompanying diagnostic "Removed from group-because of 
incompatibility with student — -." 

9. Output 

The profile of each recommended Instructional group comprises 

a. Group number, 

b. Skill to be taught, 

c. Number of students in the group, 

d. Student name in alphabetical order, 
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Student ID number, 

f. Distance of each student from the mean of the group, 

g. The mean, variance and standard deviation of each student . . 
characteristic (in standard score form) . 

The profile of the omissions group comprises: 

a. Student name and ID number, 

b. Reason for ineligibility, 

(1) not eligible^ for any skill used, 

(2) not eligible for any skill chosen (the accompanying 
diagnostic lists those skills for which the student 
is eligible), 

(3) not eligible because of size constraints, 

(4) not eligible because of incompatibility, 
c. The number of students omitted, 

A flow diagram of the essential steps in Groupal A is provided. The 
diagram (Figure 3-1) also indicates all printed output, 

Groupal B 

1. Options 

The user specifies whether: 

a, eligibility ^or skills is to be taken into account, 

b, student charracteristics are to be taken into account, 

c, the one skill can be studied by more than one group, 

d, seed points are to be (i) specified by the,,user or 
(ii) calculated by the program. 
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Rationale 

Unlike Groupal A in which seed ^)oint8 are calculated using only 
students eligible for the skill assigned to that group, Groupal B 
permits the specification of seed points by the user. Th. s feature 
permits the participation of the user in initially directing the 
grouping and also allows the evaluation of some alternative methods for 
determining seed points. 

2. Input 

As for Groupal A 2a to 2i (page 123) together with 
the «eed points to be used 

3. Ranpe Test 

4. Student Data 

a. Calculate eligibilities, 

b. Substitute mean for missing data. 

c. Calculate the variance and standard deviation of each 
student characteristic. 

d. Staidardize each student characteristic score. (Steps 3 and 

4 are the same as in Groupal A). 

5. Selection of Seed Points 

Determine seed points (if not i -fied by the userl The same 
procedure as in Groupal A when more than one group is assigned the 
same skill (step 6(b) of Groupal A) 

6. Location -Relocation 

a. Calculate the distances of all students to all seed points 

b. Allocate all students to seed points on the basis of least 

distance. 
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c. Calculate the total distance, the total sum of squares 
within, the mean sum of squares within and the centroid for each group. 

d. Use these new centroids to recalculate the distances of all 
students. to these centroids and reallocate as in 6b. Convergence is 
attained when there is no change in the total distance for two 
consecutive iterations. , . 

e. For each group calculate the number of students eligible 

for each skill. 

7. Selection of Skills and Matching of Grou p Sizes 

Select skills and match group sizes as for Groupal A, step 5. 

Apply size constraints as for Groupal A, step 7f... 

Apply incompatibility constraints as for Groupal A, step 8. 

8. Output 

a. The profile of each recommended group. 

b. The profile of the omissions group. Step 8 is the same as 

for Groupal A, step 9. 

A flow diagram of the essential steps in Groupal B is provided 
in Figure 3-2. The diagram also indicates all printed output. 

Groupal C 

This algorithm is identical to Groupal A other than the following: 
1. The list of student characteristics is expanded to include 
the eligibility data on the skills to be used in the grouping. Eligi-! 
bility for a skill is coded 1, inelijlbility is coded 0. It is this 
expanded list of student characteristics that is used in the calculation 
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of seed points and the allocation- reallocation process of Groupal A. 
Thus, the major difference between Groupal A and Groupal C is that 
Groupal C uses the expanded list of learner characteristics which 
includes the skills eligibility data. 

2. The eligibility data on each chosen skill can be weighted and 
used in the determination of seed points and in the allocation- 
reallocation process. 



For skill i, " / ^ ^^'^ij'^'ik^ 



^^'^ij-^k'^ 

i*l 

where and are scores on skill i for students j and k, 

a is the constant weighting factor applied to all chosen skills, 
and there are n chosen skills. 

Rationale 

The inclusion of skill eligibilities as student characteristics 
reflects the importance of placing students with similar patterns of 
eligibilities into the sase group. This feature may be enhanced by the 
selection of the "multiplti usage of skills'' option which may provide 
more flexibility in the placement of students. It may be fusther 
enhanced by the sole use of skills eligibilities as learner character- 
istics without the use of any other learner characteristics. Its 
effective use with other learner characteristics for this purpose is 

likely to be enhanced by a heavy weighting of each of the skill 

eligibilities. ^ 

In Groupal A, the skills are assigned to groups prior to the 

assignment of students to these groip and based on maximum eligibilities^. 

I— 
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This latter assignment of students to groups may be made more efficient 
(less later relocations) if used with weightings and with the multiple 
usage of skills option. Its effect on the homogeneity of the groups j 
in terms of the other learner characteristics is unknown. 

Groupal D 

This algorithm bears the same relationship to Groupal B as 
Groupal C does to Groupal A. Its extra features are (a) the inclusion 
of skills eligibilities with student characteristics and (b) the pro- 
vision of a weighting option for the original list of skills eligibili- 
ties. 

Rationale 

The inclusion of skills eligibilities as student characteristics 
and used in forming homogeneous groups before the imposition of eligi- 
bility and size constraints can be expected to result in the inclusion 
in the same groups of students with similar eligibilities. This feature 
may increase the efficiency of algorithm Groupal B because it is on the 
basis of these unconstrained groups that the assignment of skills is 
performed. The formation of these unconstrained groups is then, to 
gome extent, influenced by eligibilities and hence the number of sub- 
sequent relocations because of ineligibilities can be expected to be 
reduced. 

The computer programs prepared for each of the four algorithms 
are presented in Appendices A through D, Pages 306 to 366. 

The evaluation plan designed to test the four algorithms is 
now described. h cr 
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Evaluation Procedures 

The evaluation of the grouping procedures described in this 
chapter may be considered in two parts. The first part is a comparison 
OK the different grouping procedures developed. This evaluation is 
designed to answer the first research question: "Which grouping pro- 
cedure of those compared yields the most homogeneous groupings?" It 
is this procedure which will be selected for further evaluation. 

The second part of the evaluation is a comparison of the selected 
computerized procedure with a teacher grouping procedure. This evalua- 
tion is designed to answer the research questions: "Are the groupings 
formed on the basis of the numerical grouping procedure more homogeneous 
than teacher created groups?" "Do teachers involved in the groupings of 
students perceive the computerized groupings as being a more efficient 
procedure than those currently employed, as being able to take into 
account (a) realistic constraints on the formation of groups and 
(b) relevant student characteristics?" 

The complete evaluation plan designed to answer these three 
questions involved (a) establishing sets of criteria to be used in 
assessing the performances of the different procedures, (b) designing 
a testing program in which the different grouping procedures are tested 
under different conditions and (c) collecting sets of student data on 
which to test the different procedures. The student data used in the 
evaluation is now described. 
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School Setting 

The school chosen as the source of student data to be used Itt 
Part 1 of the evaluation and as the setting for the teacher assessment 
of the computerized grouping procedure was a public elementary IGE school 
which had been a pilot school in the implementation of WIS-SIM for the 
previous two years. The school's, student population was 685 and 
comprised six instructional units. The number of staff attached to 
each unit and the number of students in each unit is shown in Table 
3-1. 



TABLE 3-1 







STAFF, 


STUDENTS 


BY UNIT 










Number of Staff 




Number of 


Unit 


Grades 


Teachers 


Intern 


Aids 


Total 


Students 


1 


K, 1 


4 


0 


I 


5 


135 


2 


1. 2 


4 


0 


1 


5 


90 


3 


2, 3 


4 


0 


1 


5 


100 


4 


3, 4 


4 


.5 


1 


5.5 


106 


5 


4, 5 


4 


.5 


0 


4.5 


96 


6 


5, 6 


4 


0 


1 


5 


110 


School 


K-6 


24 


1 


5 


30 


637 



Units 1 through 5 each studied the Wisconsin Design for Reading 
Skill Development (WDRSD), Developing Mathematical Processes (DMP) , 
and Science... A Process Approach (SAPA). These instructional programs 
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are objective based programs which were being supported by WIS-SIM. 
Unit 6, however, did not utilize the DMP program. Current information 
on each student *s achievement status in each program was stored by 
WIS-SIM. 

The Wisconsin Design for Reading Skill Development (WDRSD) includes 
six elements: Word Attack, Comprehension, Study Skills, Self-Directed 
Reading, Interpretive Reading, and Creative Reading, Skills in each of 
the six areas are clustered at levels that correspond generally to 
traditional grade levels. The six areas and grade level equivalents 
of the clusters are shown in Table 3-2. 



TABLE 3-2 

SKILLS BY AREA AND BY TRADITIONAL GRADE LEVEL 



Skill Area 


K 


1 


2 


3 


4 


5 


6 


Word Attack 


A 


B 


C 


D 








Comprehension 


A 


B 


c 


D 


E 


F 


G 


Study Skills 


A 


B 


C 


D 


E 


F 


G 


Self-Directed Reading 


A 


B 


C 


D 


<— 


.- E - 




Interpretive Reading 


A 


B 


C 


D 


<— 


- E - 




Creative Reading 


A 


B 


C 


D* 


<-- 


— E - 


... > 



Although the levels are arranged in sequence, the skills within 
a given level are not necessarily arranged in a hierarchical sequence. 
Study Skills, for example, has three skills at level A, four skills at 
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level B, eleven skills at level C, fourteen skills at level D, seven- 
teen skills at level E, twelve skills at level F, and ten skills at 
level G. These 71 skills are also divided into strands or categories of 

related skills that recur at different levels. The mastery-of-^-skHls 

in a strand is frequently a prerequisite for the study of related skills 
at the next highest level. Formal tests, each keyed to a specific 
skill, are available for most of the skills in Word Attack^^ Comprehen- 
sion, and Study Skills. 

DMPis^an instructional program for elementary mathematics 
developed at the Wisconsin Research and Developmett Center. In DMP, 
activities designed to promote the attainment of closely related 
objectives have been clustered to form 90 topics each of which are 
further subdivided into objectives. Either whole topics or objectives 
within topics may be prerequisite to the study of later, related topics. 
The topics are themselves grouped into levels, each level approximating 
one year of study. 

The SAPA program comprises 105 modules, each module being 
devoted to one of 13 science processes. These modulies are separated 
into 33 stages each containing two to five modules. Modules are also 
partitioned into clusters which are related by process skill and by 
content. The modules in any stage can be taught in any order. Within 
each cluster, instruction proceeds from stage to stage, completing 
modules at one stage before proceeding to the n^xt. Thus, a module 
may be a prerequisite for latter modules or itself have prerequisites. 
When all modules in a stage are completed, students have the pre- 
requisites for the next stage. 
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Unit 4 appeared representative of the other units in the school 
in terms of size, st-.f, and programs. Unit 4 also appeared likely to 
be able to provide a ready source of student data and was therefore 
chosen as the basic source of student data required for both Parts 1 
and 2 of the evaluation plan. The WDRSD and BMP programs were chosen 
as the instructional programs to utilize rather than SAPA which 
had only been very recently introduced. 

Part 1 of the Evaluation Plan 

The data required for these testing purposes was of two basic 
types: (a) data relating to the eligibility of students for particular 
skills of an objective based program and (b) data relating to the 
characteristics of each student. 

Student E li fiibility 

Eligibility reflects students' status in terms of the pre- 
requisite structure of the instructional program. Ineligibility for 
a skill is the result of either non-mastery of the prerequisites of 
the topic or as a result of mastery of that topic (either on a pre- 
test or post-test). It was therefore proposed to utilize three sets 
of simulated eligibility data for the Study Skills component of 
WDRSD for fourteen skills C3 to C5, to C^, D^^ to Dg with the 
following characteristics; 

(a) 75% average eligibility over all fourteen skills, 

(b) 50% average eligibility over all fourteen skills, 

(c) 33% average eligibility over all fourteen skills. 
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Average eligibility was calculated as the total number of students 
eligible for each skill divided by the total number of skills studied 
by all students. Eligibility was recorded as either eligible (coded 
1) or ineligible (coded 0). 

Student Characteristics 

latervally measured data were collected for all students of 

Unit 4 on: 

(1) their learning styles as measured by the Center for 
Innovative Teaching Experiences (CITE) Learning Styles Instrument 
(Form C) (Randal, Albright, Babich, Burdine, 1975, page 1). 

(2) their achievements as measured by the ntunber of skills mas 
tered in the Study Skills con?>onents of the WDRSD program, each skill 
tested on criterion referenced tests administered throughout 1975-76 
(Chester, Askov, and Otto, 1973, page 4). 

(3) their scores on the Stanford Diagnostic Test of Reading 
(Buros, 1975, page 108) . 

The CITE Learning Styles Instrument (see Chapter 1, page 31) 
provided measures on each of nine constructs, five in the area of 
learning, two in the area of working, and two in the area of individ- 
ual expressiveness . These nine constructs were: 
The Area of Learning 

1. Auditory Language 

2. Visual Language 

3. Auditory Numerical 

4. Visual Numerical 

5. Auditory-Visual-Klnesthetlc 
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The Area of Working 

6. Group Learner 

7. Individual Learner 

The Area of Individual Expressiveness 

8. Oral Expressive 

9. Written Expressive 

The CITE Learning Styles Inventory (LSI) together with the 
administrative directions are contained in Appendix E. The Learning 
Styles Inventory was prepared as part of Project CITE in 1974-75 by 
the Murdoch Teacher Center of the Witchita Public Schools and funded 
under ESEA Title III. The LSI has not yet published any information 
on the validity of the instrument but have reported' the following 
measures of reliability for each of the nine constructs obtained from 
testing 150 elementary students (Randal, Albright, Babich, and 

Burdine, 1975, page 6). 

Visual Numerical had the lowest corrected odd-even coefficient 
of .2460. Expressive Oral recorded the highest corrected odd-even 
coefficient of .9520. The item reliability range was from .3682 
(Auditory Linguistic) to .9016 (Auditory Numerical). The mode of item 
coefficients was approximately in the .700 area of frequency and the 
median was in the .6000 area of frequency. Seventy-three percent _o£ 
the items were greater than .6000 and eighty-eight percent of the 
items were greater than .5000. 

The formal tests devised for each of the skills in the Study 
SkillH component of WDRSD had demonstrated reliability at a reasonably 
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high level. In general the reliability coefficients reported by 
Chester, Askov, and Otto (1973, page 4) were .80 or better. 

The Stanford Diagnostic Reading Test (Level 2) was designed to 
diagnose the individual reading difficulties of pupils or to group 
pupils according to their instructional needs. Scores were in the 
form, of reading ages and the authors reported median split-half reliabili- 
ties for Level 1 as .94 and .93 for grades 3 and 4 (Euros, 1975, page 
108). 

Data Collection 

(1) The CITE Learning Styles Inventory (Form C) was administered 
to one hundred Unit 4 students on March 26, 1976, and to the remaining 
six students (previously unavailable) on April 2, 1976. 

(2) Data on student achievement in Study Skills was also 
collected from the WIS-SIM files on March 26, 1976. 

(3) Stanford Diagnostic Reading Tests results were already 
available, having been administered in October, 1975. 

In all, four sets of data on student characteristics were 
compiled. Set A, consisting of the learning styles (9 scores), 
achievement (1 score), and Stanford Diagnostic Reading Test scores (1 
score) obtained for all Unit 4 students as reported above. Set B, 
consisting of randomly generated data for each of the eleven measures, 
the distribution of each being random normal with each variable 
having the same mean and standard deviation as for Set A. The Random 
Number Routine RANNP was used to generate the required distribution. 
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Set C. A second set of random noraal data with each variable having 
the same mean and standard deviation as for Set A. RANNP was again used. 
Set D, consisting of Set A with the data for each of the first two 
students (alphabetically) replaced by a set of extreme scores, one 
comprising all very low scores, the othex: comprising all very high 
scores. 

The various data sets utilized in the comparison of the four 
algorithms are summarized in Tables 3-3, 3-4, and 3-5. 

TABLE 3-3 

DATA SETS UTILIZED IN THE COMPARISON OF THE ALGORITHMS 



Data Set Eligibility Student 

Characteristics 

1 757o average eligibility A 

2 50% average eligibility A 

3 50% average eligibility D 

4 75% average eligibility D 

5 33% average eligibility A 

6 75% average eligibility B 

7 75% average eligibility C 



The Testing Program 

The testing program designed considered the following elements: 

> 

(1) each of the four algorithms, 

(2) each of the reven data sets, 
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(3) sinfilo or multiple usage of skills, 

(4) different group size constraints, 

(5) different procedures for selecting seed points, 

(6) different numbers of groups. 



TABLE 3-4 

NUMBERS AND PERCENTAGES OF STUDENTS ELIGIBLE FOR 
DIFFERENT SKILLS 



Skills 
Data Sets 


1 (C3) 


2 (C4) 


3 (C5) 


4 (C9) 


5 (C8) 


6 (C9) 


Data Set 1 
(95%) 


77 

(73%) 


76 

(72%) 


86 

(81%) 


75 

(71%) 


81 

(76%) 


83 

(78%) 


Data Set 2 
(48%) 


52 

(49%) 


58 

(55%^ 


46 

(43%) 


47 

(44%) 


60 

(57%) 


43 

(41%) 


Data Set 3 
(48%) 


52 

(49%) 


58 

(55%) 


46 

(43%) 


47 

(44%) 


60 

(57%) 


43 

(41%) 


Data Set 4 
(75%) 


77 

(73%) 


76 

(72%) 


86 

(81%) 


75 

(71%) 


81 

(76%) 


83 

(78%) 


Data Set 5 
(33%) 


40 

(38%) 


42 

(90%) 


25 

(24%) 


32 

(30%) 


38 

(36%'i 


33 

(31%) 


Data Set 6 
(75%) 


77 

(73%) 


76 

(72%) 


56 

(81%) 


75 

(71%) 


81 

(76%) 


83 

(78%) 


Data Set 7 
(75%) 


77 

(73%) 


76 

(72%) 


86 

(81%) 


75 

(71%) 


81 

(76%^ 


83 

(78%) 



Total number of students « 106 
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TABLE 3-5 

■ DESCRIPTIVE STATISTICS OF STUDENT VARIABLES USED IN THE 
TESTING PROGRAM 



Student Visual Auditory Experience Experience 

Characteristics Language (VL) Language (AL). Oral (EO) Written (EW) 



Mean 


27.26 


29.77 


27.08 


28.43 


Variance 


45.91 


26.21 


32.47 


35.92 


Standard Deviation 


6.78 


5.12 


5.70 


5.99 


Maximum possible 
Score 


40 


.40 


40 


40 
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If the selection of seed points is limited to three categories (e.g., 
random selection, teacher selection, and proportional range), the 
sizes of groups to three (exact, open, typical) and numbers of groups 
to three (e.g., small, typical, and large numbers of groups) the 
number of possible combinations of the seven elements is 1,512. 
Because of the impossibility of testing all combinations and because 
many such combinations were of little or no importance to the testing 
of the algorithms, a selection of tests was made. This tes'cing 
program aimed to provide a comprehensive and realistic testing of the 
four algorithms as they might be applied in a school setting. The 
following selections of the available data on eligibility and student 
characteristics were made: 

1. Six of the fourteen skills of the Study Skills component of 
WDRSD were chosen for possible assignment to groups. These were 
skills C3, C4, C5, C7, C8, and C9. 

2. The student characteristics considered were 

(a) Auditory Language, 

(b) Visual Language, 

(c) Oral Expressive, 

(d) Written Expressive. 

3. Both the skills in 1 above and the student characteristics 
in 2 above were held constant throughout the testing program for 
part 1 of the evaluation. This feature permitted comparisons of the 
effects caused by varying other elements. 
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Each of the following elements were varied in the testing 

program: 

(a) the data sets , 

(b) single or multiple usage of skills, 

(c) the number of groups formed, 

(d) the sizes of the groups formed. 

The testing program "^decided upon is outlined in Tables 3-6, 3-7 and 
3-8. 

Table 3-6 refers only to algorithms C and D, which permit the 
weightings of skills. This table represents 28 tests designed to 
determine the effects of different weightings on the skills variables • 
The primary purpose of this set of tests is to select those weightings 
which produce the best results. It is -base weightings which Were 
used in later testings of Groupals C and D. 

Both Groupals C and D were subjected to each of the fourteen 

V 

different tests of Table 3-6. Data set 1 (75% average eligibility 
and Unit 4 student characteristics) and Data Set 2 (50% average 
eligibility and the same student characteristics) were selected to 
provide some variation in the degree of students' eligibilities for 
the skills considered. The multiple usage of skills option was chosen 
in all tests because it was considered the option most likely to be 
used in a school situation and because of its expected effect of 
permitting more flexibility in the relocation process. Both the number 
of groups (5) and the group sizes (thr^e groups each of 25-30, one of 
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TABLE 3-6 

TESTS TO DETERMINE THE EFFECTS OF VARIOUS WEIGHTINGS 
ON SKILLS— APPLIES ONLY TO / 
GROUPALS C AND D 



Single/Multiple Number Weightings 

Data Sets Usage of Skills of Groups Group Sizes of Skills 

M 5 25-30, 25-30, 25-30 0.5 

10-15, 5-10 

M 5 " l.O 

M 5 2.0 

M 5 3.0 

M 5 5.0 

M 5 10.0 

M 5 . 20.0 



2 M 5 " 0.5 

2 M . 5 ^'^ 

2 M 5 2.0 

2 " M 5 3.0 

2 M 5 5.0 

2 M 5 10.0 

2 M 5 20.0 
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10-15, one of 5-10) were selected as being representative, of a grouping 
situation for Unit 4, which includes 5 teaching staff and 106 students. 
The number of groups and their sizes were held constant for each of the 
28 tests. 

Seven different weightings were chosen to be applied to the 
student eligibilities which are considered as student characteristics 
in Groupals C and D. The weights (0.5, 1, 2, 3, 5, 10, 20) were 
chosen to provide a sufficiently large range of weights to enable the 
observation of a trend in the effects of the weightings, if such a trend 
was to emerge. No other criteria for the selection of weights were 
used, there being no information available on the likely effects of 
applying different weights to the skills. 

Table 3-7 contains the set of tests used to select one of the 



grouping algorithms for later comparisons with a manual grouping 
procedure. The weights chosen for Groupals C and D were those selected 
on the basis of tests outlined in Table 3-6. Sixteen different tests 
were applied to each of the four algorithms making 64 tests on which 
to base a selection of one algorithm for further testing. The rationale 
for the design of this major section of the evaluation was to provide 
a comprehensive set of conditions compatible with Unit 4. 
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TABLE 3-7 

TESTING PROGRAM LEADING TO THE SELECTION 
OF THE MOST EFFECTIVE ALGORITHM 
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Single/Multiple Number 
Data Sets Usage of Skills of Groups 



1, 2, 5, 6, 7 



1, 2, 3, 4, 5, 
6, 7 



5 
1 
1 



M 
M 

M 
M 
M 



Sizes 
of Groups 



3 
5 

5 



25-30, 25-30, 25-30, 
10-15, 5-10 

25-30, 25-30, 25-30, 
10-15, 5-10 

22-27, 20-25, 17-22, 
15-20, 10-15, 8-13, 
5-10, 1-5 

40-50, 30-40, 20-30 
Each 1-99 

30, 25, 20, 16, 15 



All seven data sets were used in this testing program to give 
a realistic range of eligibility data, complemented by both real and 
simulated data on student characteristics, all representative of Unit 
4 students. 

As was the case in the tests of Table 3-6, the majority of 
tests involved the multiple usage of skills option. Only 20 out of 
the 64 tests involved the single use of skills by groups as this 
was considered to be less representative of a unit grouping situa- 
tion and also because with a large range of eligibility data avail- 
able it was expected that some multiple usage options would result in 



153 



single usage of skills because of the low average eligibilities in 
some of the data sets (especially data sets 2, 3 and 5) . 

Three different numbers of groups were used: 3, 5 and 8. 
Three was considered to be a small number of groups to be formed from 
a unit of 106 students; eight was considered a large number of groups 
for that size unit, whereas five was considered to be a typical number 
of groups to be formed from a unit of 106 students with five instruc- 
tional staff. Four tests were run using data set 5 (337. average 
eligibility) and the multiple usage option with each of 3 groups and 
8 groups. 

Corresponding to these different numbers of groups were different 
sizes of groups, the total numbrr of students to be grouped being con- 
stant. For the 8 group partitions, the size of the groups ranged from a 
small size of 1-5 to the largest size of 22-27. For the 3 group parti- 
tion, the sizes of the groups were 20-30, 30-40, and 40-50, much larger 
groups than for the 8 group partition. One set of four tests was run 
using a size range of 1-99 for each of 5 groups. This large size range 
effectively removed the group size constraints. Only four such tests 
were run (one per algorithm) because this condition was considered un- 
representative of a typical school grouping situation. 

Another four tests were run on data set 1 (75% average 
eligibility) using the multiple usage option and five groups with 
typical sizes expressed exactly rather than as ranges. It was con- 
sidered that teachers typically attempt to form groups allowing for 
some flexibility in size and hence the option of exactly specifying 
group sizes was not emphasized in the testing program. 
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The design of the testing program outlined in Tab 1? 3-7 
involved the selection of a relatively small set of different condi- 
tions from a much larger set of possible combinations of conditions. 
It was considered that the 64 tests selected were a representative 
sample of conditions in which the grouping algorithms would 
realistically be Implemented. 

Table 3-8 refers to a small s^et of 12 tr ts designed to assess 
the influence of different methods of selecting seed points. Groupals 
B and D provide the options of (a) user specification of the seed 
points or (b) program' determination of the seed points. This set of 
tests applies only to Groupals B and D and is not part of the testing 
program on which the selection of one algorithm for later evaluations 
is based. 

Three additional methods of determining seed points were 
tested for each of Groupals B and D: 

(1) random selection of seed points, 

(2) selection of the first g data units as seed points, where g 
is the number of groups formed, 

(3) user selection of seed points. 

The different sets of seed points W the results obtained from using 
them were compared with those determined automatically as part of 
Groupals B and D. The elements of each test are shown in Table 3-8. 
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TABLE 3-8 

DIFFEBENT METHODS OF SELECTING SEED POINTS - 
GROUPALS B AND D 



Single/Multiple Number Sizes Selection of 

Data sets Use of Skills of Groups of Groups Seed Points 



M 



M 



25-30, 25-30, 
25-30, 1 -15, 
5-10 



1st random 
selection 

2nd random 
selection 



M 



3rd random 
selection 



M 



Teacher selec- 
tion 



M 



M 



5 
5 



Selection of 
1st 5 students 

program 
selection 



Information Collected on Each Test 

Descriptive data collected on each of the 104 tests of Tables 

3-6, 3-7, 3-8 were: 

1. the skills assigned to each group, 

2. the students assigned to each group at each iteration, 

3. the seed points for each group before the first iteration 
and after each iteration of the relocation process, 

4. the final total distance , (weighted Euclidean distance). 
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_ 5. ^the total sum of squares within and the mean sum of squares 
within - after each iteration, 

6. the number of iterations, 

7. the final group sizes, 

8. the number of omissions because of 

a. ineligibility for any skills initially considered, 

b. ineligibility for any skills chosen by the algorithm, 

c. size constraints, 

d. incompatibility constraints. • 

9. the costs incurred 

a. total run costs 

b. paper costs 

criteria for the Selection of the Most Effective Weights and the 
Most Effective Algorithm 

Two criteria were used as the basis of selection among the 
weights and among the algorithms: 

(1) the average final total distance as a measure of homogeneity 
(i.e., the final total distance divided by the number of students 
placed in groups) . 

(2) the number of students omitted from groups because of in- 
eligibility for the skills chosen by the algorithm or because of size 
constraints. 

Both criteria were considered of equal importance and were therefore 
accorded an equal weighting throughout both the separate selections 
of weights and algorithms. All tests of Table 3-6 were accorded equal 
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weighting in the determination of weights and all tests of Table 3-7 
were accorded equal weighting in the selection of a single algorithm. 

Each algorithm was scored on its performances on each criter- 
ion for each test as follows: 

(1) Least average distance = a score of 4 
Second least average distance = a score of 3 
Third least averag^^; distance = a score of 2 
Greatest average distance = a score of 1 

(2) Least omissions - 4 
Second least omissions =3 
Third least omissions =2 
Most omissions =1 

The algorithm with the greatest score over all tests and over'S^Tth 
criteria was selected for further evaluation* 

A similar scoring procedure was used in the determination of 
the weights to be used with Groupals C and D. In this case, the 
weights of the ranks were 7 through 1, there being seven weights 
assessed. In the event of a tie for the first ranking in either 
selection, the total least CPU time over all tests was to be the 
deciding factor. 

part 2 of the Evaluation Plan 

The set of teacher generated groupings with which the computer 
generated groupings were compared were performed in the week of May 17 
1976. The leader of Unit 4 chose three curricular areas in which to 
perform groupings: 178 
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(1) Study Skills, a component of WDRSD 

(2) Comprehension, a component of WDRSD 

(3) DMP 

All the parameters of the groupings were chosen by the unit leader to 
meet her unit's, then current and realistic requirements. The 
computerized grouping procedure also used these same parameters and the 
groupings were performed on May 24, 1976. The same descriptive data 
were collected for the computerized grouping procedu£^6"^&s had been 
collected in Part 1 of the evaluation. 

Data collected on teacher generated groupings were limited to: 

(1) Skills assigned to each group, 

(2) Final composition of groups, 

(3) Seed points (centroids) for each final group, 

(4) The final total distance (weighted Euclidean distance), 

(5) The final group sizas, , 

(6) The number of omissions. 

The similarity between the ^:hree pairs of groupings was assessed by 
using the mean contingency and chi-square statistics (Hays, 1973, 
pages 728, 743). The homogeneity of each of the groupings were 
compared on the basis of average final distance. 

Teacher Assessment of the Computerised Grouping Procedure 

Teacher assessment of the compui.erized grouping procedure was 
obtained by having the five teachers involved in the instruction 
complete a questionnaire designed for this purpose. 
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The questionnaire was designed to ascertain teachers' percep- 
tions of (a) the efficiency of the computerized numerical grouping 
procedure, and (b) its potential to take account of realistic 
constraints and relevant learner characteristics. The questionnaire, 
a set of rating scales with provisions made for written subjective 
conunents, was in two parts. Part 1 was designed to identify those 
features of a computerized grouping procedure which teachers considered 
important. Part 2 was designed to identify the extent to which 
teachers perceived the computerized grouping procedure as meeting 
those features which they considered important. The questionnaire 
is shown in Appendix C. 

Limitations of the Study 

(1) The design of the numerical grouping procedures was limited 
by the review of the techniques undertaken. 

(2) The selection of the particular computerized procedure 
chosen for comparison with the teacher procedure was dependent on 
the evaluation plan designed. 

(3) The application of the computerized grouping procedure was 
limited by the constraints of the particular problem studied. 

(4) The composition of the groupings was dependent on the 
numerical procedures used. 

(5) The composition of the groupings was dependent upon t'e 
characteristics chosen as the data to be utilized in the grouping 
procedure as well as on their precision of measurement. 
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(6) The meaning of similarity was dependent on the choice of 
variables, distance function and the algorithms chosen. 

(7) The utility of the procedure can only be applied to the 
particular setting chosen. 

This chapter contained descriptions of four algorithms designed 
in accordance with the recommendations made in Chapter !!• The plans 
for the evaluation of these grouping algorithms were also outlined. 
The results of these evaluations are presented in Chapter IV. 
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striving to fulfill this goal by 
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ABSmCT 



This study was concerned with the formation of groups of studer^ts 
and specifically addressed the problem: Can a computerized procedure 
be developed which assigns students to instructional groups, which 
maximizes the homogeneity of these groups when this homogeneity is 
based on relevant student learning characteristics, and which takes 
account of realistic administrative constraints such as eligibility 
for group membership, sizes of groups, and numbers of groupcs? 

The procedure developed to solve this problem was mathematical 
In nature and involved utilizing compiuter technology in its imple- 
mentation. It aimed to facilitate, in part, the management of a 
particular individualized program of instruction, namely Individually 
Guided Education (IGE). 

Based on an initial survey of clustering techniques including 
hierarchical techniques, optlmization-partitioning techniques, density- 
seeking techniques and clumping techniques, a decision was mada that 
the optimization-partitioning techniques applied most directly to the 
problem being studied. This set of techniques was further surveyed 
in terms of complete enumeration, implicit enumeration procedures and 
h^^urlstic procedures which yield local optimal solutions. Despite their 
disadvantage of yielding sub-optimal solutions, the heuristic parti- 
tioniVig-proccdurGS were considered to most closely meet the require- 

monts of the proL-lem. "197 
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Pour algorithms were designed, each one involving the fitting of 
a homogenizing procedure within the framework of the administrative 
constraints of the problem. The homogenizing procedure employed was 
the Forgy minimum variance partitioning procedure modified by using a 
proportional division method for selecting seed points and the 
weighted Euclidean metric as a measure of similarity. The four 
computer based procedures were evaluated on the basis of their per- 
formances on a set of tests which involved varying the parameters of 
the grouping situation, such as the data on learner characteristics', 
data on group eligibilities, the number of groups formed, the sizes 
of the groups, and the single or multiple assignment of instructional 
topics to groups. 

Two equally important criteria were used in the choice of the most 
effective of the four algorithms — the homogeneity of groups measured on 
selected learner variables and the number of students omitted from 
the groups. The algorithm which proved to be most effective was the 
one which initially assigned instructional topics to groups, matched 
group sizies with skills, allocated eligible students to these groups 
to maximize their homogeneity and then applied other administrative 
constraints. 

The effectiveness of this computer based grouping algorithm was 
further assessed by comparing its recommended groupings with teacher 
generated groupings when both groupings were subjected to the same 
constraints. In the comparison performed, the computer i^ed procedure 
produced much more homogeneous groups than did the teachers and an 
equivalent number of students were omitted. The profiles of the 
groups formed by the two methods were noticeably different as 
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determined by the differences in the means of the learner character- 
istics for each group, a ratio of agreement and the phi coefficient 
of association. 

User perceptions of the efficiency and effectiveness of the 
computerized grouping procedure were also obtained. The computerized 
grouping procedure was perceived to be much more efficient in terms 
of time spent by users in the grouping process than a manual pro-- 
cedure and more efficient than a semi-automated procedure used by the 
teachers. Respondents, however, mainly gave median ratings of the 
computerized procedure's success in maximizing the homogeneity of the 
groups and minimizing omissions from the groups. 

The evaluation of the computerized grouping procedure performed 
as part of this study can only be considered as preparatory to a 
more comprehensive examination of the effectiveness and efficiency 
of the computerized grouping procedure. Despite this limitation, it 
is claimed that the procedure developed warrants this further 
evaluation. . ' 

APPROVED ^ ^ A^^^-^^'^^^K^ 

DATE August 13, 1976 
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CHAPTER IV 
DATA ANAiySES 

preeented in this chapter are the findings of the evaluations 
designed to answer the three research questions. These findings 
together with their associated analyses are arranged in the following 
order: 

(i) the selection of Weights used in the evaluation of 
Groupals C and D; 
(ii) the selection of one of Groupals A, B, G and D for 
comparison with a teacher grouping procedure; 
This relates to Research Question 1: "Which grouping 
procedure of those compared yields the most homogeneous 
groupings?" 

(iii) The effects of the various options and administrative 
constraints on the groupings produced by each of the 
algorithms; 

(iv) the comparison of teacher generated and computer generated 
groupings, which relates to Research Question 2: 
*'Are the groupings formed on the basis of the computerized 
grouping procedure more homogeneous than teacher 
created groups?" 
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(v) teacher perceptions of the computerized grouping procedure, 
which relates to Research Question 3: 
"Do teachers involved in the groupings of students perceive the computer- 
ized grouping procedure as being a more efficient procedure than those 
procedures they currently employ? The four grouping procedures, des- 
cribed in Chapter III were: 

Groupal A, in which students were assigned to groups initially 
determined by the administrative constraints. 

Groupal B, in which groups were initially formed on the basis of 
student similarities. These groups were then modified to fit the 
administrative constraints. 

Groupal C, which is Groupal A modified to consider weighted skill 
eligibilities as characteristics in the assignment of these students 
to student groups. 

Groupal D, which is Groupal B modifie " to consider weighted skill 
eligibilities as student characteristics in the initial assignment 
of students to group. 

It was with the effects of different weightings of skills 
eligibilities in Groupals C and Dthat the first evaluation was 
concerned. 

Selection of the Most Effective Weights 

The purpose of this set of tests was to select that weighting 
of skill eligibilities (considered as student characteiristics) which 
most consistently produced the most homogeneous groups and the least 
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number of omitted students. The rationale for weighting skill 
eligibilities and for considering them as student characteristics, 
was that the simultaneous use of student eligibilities and student 
characteristics might result in a more efficient initial grouping 
thereby producing less relocations later in the process. 

Table 3-«, page tSO details the 14 tests designed to determine, 
from among seven weights, that one which most consistently yields the 
most homogeneous groupings and the least number of students omitted. 

Tables 4-1, 4-2 and 4-3 show the results of the various weight- 
ings for Groupal C; Tables 4-4, 4-5 and 4-6 show the results of 
similar tests for Groupal D. 

For each of the 14 weighting tests the following elements were 

held constant: 

(i) theTiumber of students to be grouped was 106, 
(ii) the number of groups formed was 5^ 
(iii) three groups were each of size (25-30), one was of size 
(10-15) and the other was of size (5-10), 
(iv) the multiple usage of skills option was chosen. 
Table 4-1 shows the results obtained using data set 1 (75% average 
eligibility and unit 4 student characteristics). Table 4-2 shows the 
results obtained using data set 2 (50% average eligibility and unit 4 
student characteristics). 

Each table contains the final distance, the mean final distance 
the number of omissions, the rank obtained by each weight in order of 
least mean final distance, the rank obtained by 
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TABLE 4-1 

EFFECTS OF WEIGHTS ON DATA SET 1 FOR GROUPAL C 



-164 f 

5 



Final 



Mean 
Final 



Weights Omissions Rank Distance Distance 



Rank 



Total 
Rank 



0.5 


0 7 


153.720 


1.450 


7 


14 


1.0 


1 3.5 


173.688 


1.654 


6 


9.5 


2.0 


1 3.5 


185.740 


1.768 


4.5 


8 


3.0 


1 3.5 


185.740 


1.768 


4.5 


8 


5.0 


1 3.5 


187.314 


1.783 


3 


6.5 


10.0 


1 3-5 


188.280 


1.793 


1.5 


5 


20.0 


1 3.5 


188.280 


1.793 


1.5 


5 



TABLE 4-2 

EFFECTS OF WEIGHTS ON DATA SET 2 FOR GROUPAL C 



Mean 

Final Final , Total 

Weight Omissions Rank Distance Distance Rank ^ Rank 



0.5 


8 


6 


159.209 


1.624 


7 


13 


1.0 


10 


1 


165.834 

i 


1.727 


6 


7 


2.0 


9 


3 


178.225 


1.837 


2 


5 


3.0 


8 


6 


179.457 


1.831 


4.5 


10.5 


5.0 


8 


6 


179.457 


1.831 


4.5 


10.5 


10.0 


9 


3 


178.225 


1.837 


2 


5 


20.0 


9 


3 


■ 178.225 


1.837 


2 


5 



TABLE 4-3 



EFFECTIVENESS OF WEIGHTS FOR GROUPAL C - FINAL RANKS 



Combined Ranks Combined Ranks 
Weights On Omissions on Mean Final 

Distance 



Combined Total 
Ranks 



0.5 
1.0 
2.0 
3.0 
5.0 
10.0 
20.0 



13 
4.5 
6.5 
9.5 
9.5 
6.5 
6.5 



14 

12 
6.5 
9 

7.5 
3.5 
3.5 



27 

16.5 
13 

18.5 
17 
10 
10 . 



TABLE 4-4 





EFFECTS 


OF WEIOKTS 


ON DATA SET 


1 FOR GROUPAL D 




Weights 


Final 

Oraispions Ranks 


Mean 

Final 

Distance 


Distance 


Total 
Ranks 


Ranks 


0.5 


1 


6 


143.790 


1.369 


7 


13 


1.0 


1 


6 


179.908 


1.720 


6 


12 


2.0 


1 


6 


185.267 


1.76A 


5 


11 


3.0 


0 


2.5 


188.158 


1.775 


4 


6.5 


5.0 


0 


2.5 


192.896 


1.819 


1 


• 3.5 


10.0 


0 


2.5 


192.458 


1.815 


2 


4.5 


20.0 


0 


2.5 


192.059 


1.811 


3 


5.5 
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TABLE 4-5 

EFFECTS OF WEIGHTS ON P'^TA SET 2 FOR GROUPAL D 



weights 


Omissions 


Uanks 


Distance 


Mean 
r inai 
Distance 


Ranks 


Ranks 


0.5 


18 


1 


127.25'- 


1.446 


7 


8 


1.0 


8 


3.5 


15^. 


1.632 


6 


9.5 


2.0 


7 


5 


175.421 


1.771 


5 


10 


3.0 


,13 


2 


166.375 


1.788 


4 


6 


5.0 


8 


3.5 


175.879 


1.794 


3 


6.5 


10.0 


6 


6 


181.067 


1.810 


1 


7 


20.0 


5 


7 


181.412 


1.796 


2 


9 



TABLE 4-6 

EFFECTIVENESS OF WEIGHTS FOR GROUPAL D - FINAL RANKS 



Combined Ranks 



Combined Ranks on Mean Final Combined Total 

Weights On Omissions. Distance Ranks 

0.5 7 14 21 

1.0 9.5 12 21.5 

2.0 11 10 21 

3.0 4.5 8 12.5 

5.0 6 4 10 

10.0 8.5 3 11.5 

20.0 9.5 5 14.5^ 
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each weight on the basis of least omissions and the total ranks on 
both criteria. TLe final distance was found by summing the weighted 
distances of each group member from the centroid of each final group. 
The omissibns comprised those students no ligible for group member- 
ship because of their inability to meet cue various constraints. The 
mean final distance was found by dividing the total final distance by 
the number of students placed into groups. The total ranks were found 
by summing the ranks obtained on each of the two criteria. In all 
cases, the highest rank^ (7), corresponded to the most effective 
weighting on the criterion considered. 

Table 4-3 shows that a weight of 0.5 applied in Groupal C had 
a clear advantage over all other weights in terms of its consistency 
in yielding groups with comparatively high measures of overall 
homogeneity (low distance) and the leMst number of omissions. For 
both data sets of high and medium eligibilities a weight of 0.5 pro- 
duced the most homogeneous groups and no other weight resulted in 
less omissions. The weight;- of 0.5 applir.d to all skill elgibilities 
when these were included in the expanded list of student characteris- 
tics and was designed to reflect the importance of placing students 
with similar patterns of eligibilities into the same group. 

Generally, the larger the weight the greater the mean distance 
(less homogeneity)^ or the smaller the weight used, the greater the 
overall homogeneity amongst students. The rate of increase in mean 
distance, however became less as the size of the weight increased. 
The number of omissions showed little difference among the various 
weights. However, the comparatively high ranks for weight 0,5 on 
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this criterion may be inflated. For example, wei^t 1.0 whicU pro- 
duced the most omissions (1 + 10) nevertheless produced only three 
more omissions than did a weight of 0.5 over both data sets involving 
212 students. Despite this difficulty in the use of ranks, the weight 
0.5 produced the 1 -nlRsions over all tests. 

As a conse. f its more effective performance on both 

crite.ria and over both data sets, it appears that of the weights tested, 
a weight of 0.5 most consistently and most effectively provided the 
highest degree of homogeneity as well as the least omissions. This 
observation led to the following recommendation: 

Recommendation 1 . A weight of 0.5 should be applied to skill 

eligibilities when using Groupal C in future tests. It may be noted 

that this recommendation would be unaltered by the use of either of 
the criteria separately as shown by the ranks of Table 4-3. 

Table 4-6, which refers to the relative effectiveness of the 
various weights used with Groupal D, does not reveal any one weight 
as being clearly the most effective. This lack of a clearly superior 
weight is a result of two opposite trends in the two criteria - mean 
distance and number of omissions. 

For both data set 1 (Table 4-4) and data set 2 (Table 4-5) 
there was a trend for an increase in weight to correspond to an 
increase in mean distance (a decrease in homogeneity). However, for 
both data set 1 and data set 2 there was a trend for an Increase in 
weight to correspond to a decrease in omissions. This latter trend was 
not strong because of the generally minimal omissions for all weights 
for data 1 (Table 4-4) and because of the inconsistencies in the omission^ 
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for data 2 (Table 4-5) • Nevertheless this weak trend in omissions and 
a stronger hut opposite trend is homogeneity caused the near equalizing 
of the combined ranks for the weights 0.5, 1.0 and 2.0. 

As was the case for Groupal C, the rate of increase in mean 
distance became less as the weights increased. No similar trend in 
rate asw ns apparent in the number of omissions. On the basis 

of these observations the follawing recommendation was made. 

Recommendation Z : A weight of 1.0 should be applied to all 
skills eligibilities when using Groupal D in all future tests. 
On the basis of the 14 tests made on two sets of data, a weight of 1.0 
applied in Groupal D appeared to produce a comparatively minimal number 
of omissions while at the same time producing ^ medium degree of homo- 
geneity. The alternatives of using a weight of 0.3 provided: a greater 
degree homogeneity. However, the risk of during greater OTiissions 
was ea3^ higher. 

The other alternative of using a weight ji- 2.0 appeared to 
provide much less homogeneity and about the same number of omissions. 
Neither alternative could be considered more acceptable l:h«n that of 
using a weighting of 1.0. It may also be noted from Table 4-6 that a 
weight of 2.0 would have been selected if the critexion for selection 
httd hi^mtx omissions and that a weight of 0.5 waald have been selected 
on tK**^ criterion of mean (fflLstance. It is noted: that the selection 
of a v*«£ight of 1.0 was a compromise, in that this weight ranked second 
higji^i^ on both criteria. This consistency in ranks was not shared 
by the other two alternatives considered above. 
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It is recognized that a more comprehensive testing program may 
have yielded a clearer indiration of the effects of different weights. 

A more detailed analysis of the effects of weights is provided later 

o 

in r^^i^^ chapter (page 193). 

Selection of the Most Effective Algorithm 

The purpose of this set of tests was to determine which of the 
four algorithms Groupal A, Groupal B, Groupal C (0.5> or Groupal D 
(1.0) was the most effective in terms of most consistently producing 
the most howogeneous groups and the least number of omitted students. 
Tables 4-*-2 to 4*24 detail trhe results of 16 tests performed on each 
of the fom^ ^^rithms. 

11^ dftfSsi ir-stance the one set of 106 students was used. How- 
ever, this was ^tvbe only constant element throughout the proganL, all 
other elanente (4al:a sets^ single/multiple usage, number of groups and 
sizes of ifei?ou^6) were varied. The testing program for the selection 
of the mc effective algorithm was designed to be comprehensive in 
its attenifit utilize a variety of grouping situations. The chosen 
mix of eltf^mantjj v?as intended to provide a aj^iting program whMi^ 
Included 4 broas^ range of possible groupinr; situations thought: to be 
typical or ii^^tructional unit's requirements. 

The freqwncies with which these elements were used in the 
testing pvtSfgrm^ shown In Table 4-7. The^> testing program 
comprised 6^ tte^ts. 
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TABLE 4-7 

USE OF VARIABLE ELEMENTS IN TESTING PROGRAM 



Element . Frequency Percentage 

Of Use Of Use 



Data 


Set 


1 


(75% elig. , 


unit 4) 


16 


25% 


Data 


Set 


2 


(50% elig., 


unit 4) 


8 


12%% . 


Data 


Set 


3 


(50% elig., 


extremes) 


4 


6%% 


Data 


Set 


4 


(75% elig. , 


extremes) 


4 


6%% 


Data 


Set 


5 


(33% elig., 


unit 4) 


16 


25% ' 


Data 


Set 


6 


(75% elig.. 


simulated) 


8 


12%% 


Data 


Set 


7 


(75% elig.. 


Simula ted) 


^ 8 


12%% 



Single Usage of Skills 20 31% 

Multiple Usage of Skills 44 69% 

5 groups of sizes 25-30, 25-30, 25-30 48 75% 

15-20, 5-10 

3 groupa with no size constraints A 64;% 

5 groups with exact sizes A 6%% 

3 groups of sizes 40-50, 30-40, 20-30 4 f>\% 

8 groups of sizes 22-27, 20-25, 17-22, 

15-20, 10-15, 8-13, 

5-10, 1-5 4 . 6%% 
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It is evident that the testing program emphasized the multiple 
usage .of skills option as well as the selection of five groups of 
sizes 25-30, 25-30, 25-30, 15-20, 5-10, The data sets most extensively 
used Were of two types - that possessing a high degree of eligibility 
(data set 1) and that possessing a low degree of eligibility (data 
set 5). It was considered that these emphases were more rcjj^i,. . ssntative 
of a typical instructional situation than were the other less fre- 
quently used elements. The results of the 64 tests are reported in cate 
gories according to the data set used. The first 16 tests involved 
date set 1. , . 

Datia_ Set 1 

Tables 4-8 to 4-12 each refer to four different tests of the 
algorithms. All 16 tests involved data set 1 (75% average, eligibility 
and student characteristics from unit four of the cooperating school) . 
Asrwas the case In the selection of weights, the algorithms were ranked 
on each criterion, (mnnber of omissions and homogeneity) , these ranks 
being of equal v/eight, In::.all cases, the highest rank 4, corresponded 
to the most effective algorithm. The separate ranks were then summed 
to yield a combined total rank. 

In all tests, weights of 0.5 and 1.0 were used for Groupals 
C and D respectively. 

Table 4-12 reveals that Groupal A most consistently produced 
the least omissions over the iour tests on data set 1 (75% eligibility). 
The exception to this occurred! in the case where no size constraints 
were applied (Table 4"-10) and algorithms B and D yielded no omissions. 
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This position relative to A and B was reversed when exact size con- 
straints were applied, Groupal B yielding 9 omissions compared to 
none from Groupal A. Over the four tests Groupal C provided only one 
more omission than did Groupal A- Groupal D cnnnlR t- on ^ly provided the 
most omiasions, except when size constraints were not applied, in 
which case Groupal B yielded 9 omissions. This latter inconsistency 
wasi :examined in more detail when the effects of group sizes were 
considered. 

Groupals A, B and C consistently provided more homogeneous 
groupings (lesser mesn final distances) than did Groupal D Which in 
all cases provided the least homogeneous groups. Its mean final 
distance was on the average 27 units of dia^tance greater than the next 
least effective algorithm. For data set 1, Groupal D clearly did not 
provide homogeneous groap in gs to the same extent as did the other 
algorithms. Of Groupal^ A, B, and C, B consistently provided the great 
tist measure of homogeneity. In no instance did Groupal C provide 
for:4nore homogeneity than did Groupal B. Groupal A exceeded the 
homogeneity provided by Groupal B once and then only marginally (a 

difference of .004).. 

It therefore-appeared. that on dataa_set 1 (75% eligibility), 

GroupalB A and B were the most effective, with Groupal A providing 

less omissions and Groupal B providing greater homogeneity. 



212 



174 



TABLE 4-8' 

TEST OF ALGORITHMS Wim DATA SET 1, SINGLE USA&i. .UsD FIVE GROUPS 



Algorithm 


Omissions 


iBank 


Final 
Distance 


Mean 

Final 

Distance 


Rank 


Total 
Rank 


A 


0 


3 


152.032 


1.434 


3 


'6 


B 


0 


3 


148.319 


1.399 


4 


7 


C'(0.5) 


0 


3 


153.721 


1.450 


2 


5 


D(l.O) 


5 


1 


175.136 


1.751 


1 


2 



TABLE 4-9 

TEST OF ALGORITHMS WITH DATA SET 1, MULTIPLE USAGE AND FIVE GROUPS 



Algorithm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 

Distance 


Rank 


Total 
Rank 


A 


0 


3 


152.032 


1.434 


3 


6 


B 


0 


3 


148.319 


1.399 


4 


7 


C(0.5) 


0 


3 


153.721 


1.450 


2 


5 


D(l.O) 


2 


1 


179.908 


1.72i 


I 


2 
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TABLE 4-10 

TEST OF ALGORITHMS WITH DATA SET 1, MULTIPLE USAGE, FIVE GROUPS^ 

AND NO SIZE CONSTRAINTS 



Algorithm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 

Distance 


Rank 


Final 
Rank 


A 


3 


1.5 


141.239 


1.371 


4 


5.5 


B 


0 . 


3.5 


145.843 


1.375 


3 


6.5 


C(0.5) 


3 


1.5 


144.662 


1.404 


2 


3.5 


D(l.O) 


0 


3.5 


181.537 


1.712 


1 


4.5 



TABLE 4-11 

TEST OF ALGORITHMS WITH DATA SET 1, MULTIPLE USAGE, FIVE GROUPS 

AND EXACT SIZES 



Algorithm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 

Distance 


Rank 


Final 
Rank 


A 


0 


4 


150.780 


1.422 


2 


6 


B 


9 


1 


126.879 


1.308 


4 


5 


C(0.5) 


1 


3 


145.356 


1.384 


" 3 """" 


6 


D(l.O) 


2 


2 


173.353 


1.666 


1 


3 
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TABLE 4-12 
ALL TESTS OF ALGORITHMS FOR DATA SET 1 



H Combined Ranks 

Combined Ranks On Mean Final Combined Total 

Algorithms , On OmisSioji,s Distance Rankings 



A 11.5 12 23.5 

B 10.5 15 25.5 

C(0.5) 10.5 9 19.5 

D(l.O) 7.5 4 11.5 



TABLE 4-13 

TEST OF ALGORITHMS WITH DATA SET 2, SINGLE USAGE, F-IVE GROUPS 



Mean 

Final Final Final 

Algorithm Omissions Rank Distance Distance Rank Rank 

A 8 2 161.960 1.652 1 . 3 

B 7 4 157.030 1.586 4 8' 

C(0.5) 8 2 159.209 1.62A 3 5. 

D(l.O) 8 2 159.974 1.632 2 4 
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Data Set, 2 

Tables 4-13 to 4-15 refer to 8 tests conducted on Data Set 2 
(507o eligibility). Two different testing situations were created by 
alternating single »Sfcge of skills (Table 4-13) and multiple usage of 
skills (Table 4-14). The results on the two sets of tests are markedly 
similar. It appears that the multiple usage option had no effect in 
the cases of Groups Is A, C, and D which all produced the same numbers 
of omissions attd the same degrees of homogeneity for both single and 
multiple usage of skills. The numbers of omissions yielded by all 
algorithms were very similar (B gave one less overall tests) and were 
all ranked similarily. Groupal B yielded more omissions when the 
multiple usage option was selected. 

Consistent measures of homogeneity were produced by the differ- 
ent algorithm^over both single and multiple usage, with Groupal B ' 
consistently yielding the most homogeneous groupings. This was also 
the case for data set 1, which contained higher percentages of students, 
eligible for skills. 

The failure of the multiple usage option to assign the same 
skills to different groups occurred because none of the eligibility 
remainders were greater than the eligibilities for skills not yet 
assigned. 

From this analysis it is clear that Groupal B was the most 
effective algorithm. Groupal A provided the least homogeneous 
groups over these tests on data set 2 and was ctympaxatively the 
least effective algorithm. 
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TABLE. 4-14 

TEST OF ALGORITHMS WITH DATA SET 2, MULTIPLE USAGE, FIVE GROUPS 



Algorithm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 

Distance 


Rank 


Final 
Rank 


A 


8 


3 


161.960 


1.652 


1 


4 


B 


10 


1 


148.786 

\ 


1.549 


4 


5 


C(0.5) 


8 


3 


" 159.209 


1.624 


3 


6 


D(l.O) 


8 


3 


159.974 


1.632 


2 


5 



TABLE 4-15 
ALL TESTS OF ALGORITHMS WITH DATA SET 2 



Algorithm 


Combined Ranks 
Omissions 


Combined Ranks 
Mean Final 
Distance 


Combined Total 
Rankings 


A 


5 


2 


7 


B 


5 


8 


13 


C(0.5) 


5 


6 


11 


D(l.O) 


5 


4 


9 
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Data Set 3 

Tables 4-n and 4-18 refer to 8 tests performed on data contain- 
ing two opposite and extreme student records. 

Data Set 3 comprised Data Set 2 (50% eligibility) with two new student 
recurds substituted for the, first two students in alphabetical order. 
The record profiles of the four students concerned are ishoiwn in Table 

4-16. ■■; - , : 



TABLE 4-16 { 
SCORE PROFILES OF EXTREME STUDENTS IN DATA SETS 3 AND 4 



Visual Auditory Expressive Expressive 
Language Language Oral Written 



Substitute 1 10 10. 10 10 

Replaced Student 26 28 28 ^8 

Substitute 2 40 40 40 40 

Replaced Student 20 30 34 18 , 

Mean overall 106 

Students 27.26 29.77 27.08 28.43 
Standard Deviation f 

Over AH 106 Students 6.78 5.12 5.70 5.99. 



Data Set 4 comprised Data set 1 (75% eligibility) with the same two 
student substitutions. 

Tables 4-17 and 4-18 show two different trends. For data set 
3 (50% eligibility, extreme scores) Groupals C and D performed better 
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on both criteria than did Groupals A and B. This position was somewhat 
reversed in the case of data set 4 (75% eligibility, extreme scores) 
where Groupal D produced 12 omissions and also the least homogeneous 
groups • 

The effect of the extreme scores was hardly felt by Groupals A 
and B, both yielding one more omission, but also because of the extreme 
scores yielded more hoinogeneous groups. Groupals C and D (in particu- 
lar) produced less omissions and also more homogeneous groups in the 
presence of extreme scores in data set 2. Groupals A and C had the 
effect of omitting one of the students with extreme scores from the 
grouping because of group size constraints. 

For data with 75% eligibility the effect of extreme scores was 
mostly felt by Groupal D but in the reverse direction to that for data 
with 50% eligibility. Groupals A, B and C gave consistent results for 
data with and without extreme scores, but with Groupals B and C yield- 
ing more omissions with extreme scores. Groupal D produced the greatest 
number of omissions over both data sets with a very large increase in 
omissions for data set 4 (75% eligibility, extremes) 

In no instance involving data set 4 were the students with 
extreme scores omitted from the groupings. Because of the raverse 
trends in both number of otrissions and degree of homogeneity over both 
data sets 3 and 4 no one algorithm was clearly the most effective on 
data containing extreme scores, although Groupal C performed the most 
consistently for both criteria and in fact achieved the highest or 
equal highest ranks on both criteria (Table 4-19). 
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TABLE 4-17 

TEST OF ALGORITHMS WITH DATA SET 3, MULTIPLE USAGE, FIVE GROUPS 



Algorithm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 

Distance 


Rank 


Final. 
Rank 


A 


9 


1.5 


152.130 


1.568 


2 


3.5 


B 


9 


1.5 


152.251 


1.569 


1 


2.5 


C(0.5) 


4 


3 


153.593 


1.567 


3 


6 


D(l.O) 


2 


4 


159.499 


1.533 


4 


8 



TABLE 4-18 

TEST OF ALGORITTOBWITH DATA SET 4, MULTIPLE USAGE, FIVE GROUPS 



Algorithm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 

Distfance 


Rank 


Final 
Rank 


A 


0 


4 


149.663 


1.411 


3 


7 


B 


2 


2 


137.089 


1.318 


4 


6 


C(0.5) 


1 


3 


152.198 


1.449 


2 




D(l.O) 


12 


1 


157.033 


1.670 


1 


2 
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TABLE 4-19 



ALL 


TESTS OF ALGORITHMS 


ON DATA SETS 


3 AND 4 




Gomblned 


Gombined 


Combined 


Algorithm 


Ranks 


Ranks Final 


Total 




Omission 


Distance 


Ranks 


A 


5.5 


5 


10.5 


B 


3.5 


5 


8.5 


G 


6 


.5 ■ 


11 




5 


5 


10 



Data Set 5 

Tables 4-20 to 4-24 refer to 16 tests performed on Data Set 5 
(33% isligibility) . This data set may be more representative of group- 
ing situations than either data set 1 (75% eligibility) or data set 2 
(50% eligibility) in as much as low eligibilities over a range of 
skills are frequently encountered in individualized instinictional 
programs. 

Tables 4-20 to 4-23 show that overall four sets of tests on 
data set 5, Groupal A gave the least omissions, 65, compared to 86 from 
Groupal B, 67 from-Groupal C and 100 from Groupal D. Clearly, for 
both single and multiple usage* for different numbers and for 
different sizes of groups, Groupals A and C (C is A modified to include 
skills eligibilities as student characteristics) gave the least 
omissions with Groupal A slightly more effective. 

221 



1;83 



^ere appeared to be no clear trends &i the hojiogeneity of 
grost» ^Muratdd usi^^ttKa ^ 5. large auttOfer of oniiasions pro- 

liuca^^f ^^?t procedures, hatt^ecially by Groicpel may cause the 
mean vina. distances to be iyaarB- valid comperiatnon* o£ hompgaaeity than 
in oth tests. Because of ithe large numbers*^ students omitted the 
set Indents placed into groups was much smi^ite: and OTSibly with 
diffaretra:^^ characteriatics the original set f 106 sinidents. This 

doubt ^ut the validity oic mean final distances as comparabae measures 
of homogeneity applied particularly to Groupal B and D resuli:s and 
to a lesser extent to the results obtained from Groupals A and C, which 
algorithms together produced 27% less omissions then did Groupals B and 

The mean final distances for all algorithms were very similar 
for each of the four tests. In particular, Groupals A, B, and G very 
consistently produced similar distances (similar degrees of/homogeneity) 
Groupal D performed more erratically, clearly yielding more homogeneous 
and smaller groups for five groups and multiple usage (Table 4-21) 
but clearly less homogeneous groups when eight groups and multiple 
usage were requested (Table 4-22). 

Consideration of the 16 tests (4 types) on data set 5 (33% 
eligibility, unit 4 characteristics), led to the conclusion that 
Groupal A consistently* yielded less omissions and that Groupals B and 
D produced considerably more. However. these two latter algorithms 
produced the more homogeneous groupings. Because these groups were 
also smaller and because of the consequent doubt about the validity 
and reliability of the mean final distance as a comparable measure 

222 



of homs®sH# jf» 31'' conclusion can be drawn i&feaut the ef fectiveKtess of 
the algisritW 4ftcsroducing homogeneous gromss when the perceocsges 
of eligib]-ii ties, vfle small. 



TABLE 4-20 

TESTS ^r?" >;W«aTaMS WITH DATA SET 5, SIBESLE USAGE, 5 GROUPS 



Algorithm 


1 III HI, ... .^si^s: 
(Jlitiissxons 


Rank 


Final 
Distance 


llean 

Pinal 

Distance 


Rank 


Fina 1 
Rank 


A 




4 


152.241 


1.672 


3 


7 ™. 


B 


16 


2.5 


158.206 


1.757 


1 


3.5 


C(0.3) 


16 


2.5 


150.620 


1.673 


2 


4.5 


D(l.O) 


19 


1 


145 . 393 


1.671 


4 


■ 5 ■ 






TABLE 4-21 








TESTS GIF AISIMITHMS 


WITH 


DATA SET -5, 


MULTIPLE 


USAGE, 5 


GROUPS 


-Algorithm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 
Distance 


Rank 


Final 
Rank 


A 


TPS' 


4 


152.241 


1.672 


2 


6 


B 


C9E 


2 


142.688 


1.640 


3 


5 




E6 


3 


150.620 


1.673 


1 


4 


D(1.C 


32 


1 


109.891 


1.485 


4 


5 
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TABLE 4-22 

TESTS OF ALOORinOBWlTH DATA SET 5, MULTIPLE "lEJaGE , 8 GafflJPS 



Algorithm 


Omisslotis 


Rank 


Final 
Distance 


Mean 

Final 

Difltancft 


:3lank ; 


Final 
Rank 


A 


10 


3...5 


142.641 


1.485 


4 


7.5 


B 


13 


2 


138.280 


1.486 


3 


5 


C(0.5) 


10 


3.5 


147.357 


1.534 


2 


5.5 


D(l.O) 


15 


1 


148.088 


1.627 


1 


2 



TABLE 4-23 



TESTS OF 


ALGORITHMS WITH 


DATA SET 5, 


MULTIPLE 


USAGE, 3 


GRODES 


Algor±rthm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 

Distance 


Raisk 


Final 
Rank 


A. 


25 


3.5 


144.806 


1.787 


1 


4.5 


F 


32 


Z 


128.546 


1.737 




6 


C(0.5) 


25 


3.5 


144.635 


1.785 


2 


5.5 


D(l.O) 


34 


1 


128.086 


1.778 


3 \ 
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ALL TESTS JLlF ALGOSXIHMS ^OR DATA SET 5 



AlgoEtthm 


Combined 

Ranks 

Omissiions 


iConiliiined 
3anks 

Mean. "Etna 1 
ItLstaxtce 


Camb:£nexi 
Ranks 


A 


15 


ID 


, 25 


B 


8.5 


11 


19.3 


G(0.5) 


12.5 


7 




D(l.O) 


4 


12 


16 



Data Sets 6 and 7 

Tables 4-23 and 4-27 concern data set 6 whicai isas the same 
eligibility data (75% eligibility) as data set 1 but <d:th simulated 
student: characteristics • These, simulated data had tfaa same means and 
standard deviations as in data seet 1. 

In both rases of single isasage (Table 4-25) and. mulitiple ttsage^ 
(Tab^lfi 4-26) GroBKpal A yielded no omissions and Groupaa C; yielded ujffi?. 
Related algo W tHmw B and D acted less conslsteatly fcxc single usa^ 
and nsultlple JHffiaige, leith yielding more omissions, in :tihe vcase of 
muSltlple usage. 

Considering tte cxiteriism of homogeneity, Groujfiil iA prodccsed 
the most homogeneous groups , aS^Sough all foux':alg0r3fi^s produced 
groups with very similar measuxes of homogeneity. Dwer both crxtExia 
Groupal A appeared to be the most effective algortthm. 

Data set 7 was also similar to data set 1, having the same 
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ftfJitg^ijiaitiea but with <gi£Eerent simulated data on student character- 
ifiJdLctf., Similar conciu^ilons to those made on the basis of data set 
6 \«2?e reached on the^fts-is of tests on data set 7. Groupal A was 
::das5r3astst effective ai^isithm, although not as clearly as previously. 

algorithms yielded^Hmilar numbers of omissions. However, Gr apal 
E-5d:^ded no omisfitona^ a marked contrast to the case for data set 6 
(Ta5>lfi 4-26). GroupaS^rA, iB and C also yielded very similar measures 
of homogCDKity with Grospal A produxring very slightly more homogene- 
ous grDflpR. Groupal D xlearly and consistently yielded the least 
homcyg^aaeous groups. 

Over both data sets 6 and 7 (both 75% eligibility and with 
aimoia ted student characteristics) Groupals A and B consistently 
yielded tiiH least omisaaions although Groupal B performed strangely 
for aam:ltipne\ usage an: data set 6 (Table 4-26). Groupal A also 
clearly 3t2?elded £i3Es::mos homogeneous groups over all tests. These 
canclusicajm are cpaa^^stent with the results d±raaayed in Table 4-31. 
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-mBLE 4-23 

TESTSOF ALGORITHMS mSlA SET 6, SINGLE USAGE., FIVE GROUPS 



Alsorithm 


Omiss±ons 


lank' 


Final 
Distance 


"Mean 

Einal 

Distance 


Raask 


Final 
Rank 


A 


0 




160.319 


1.512 


4 


7 


B 


0 


:3 


171.494 


1.617 


2 


5 


C(0.5) 


1 




165.279 


1.574 


3 


4 


Da.O) 


0 


3. 


174. am 


1.645 


1 


4 



TABLE 4-26 

TESTSOF ALGORBaS^ WITH DATA S3ST 6^, MDLTIEIIE DSASE, FIV£ GF 1?S 



ftL^-giiifif-hm 




Ksnk 


; Mean 
distance 


Mean. 

3'inail 

DistssEtce: 


aank 




Final 
Bank 


A 


0 


4 


160.319 


i.5rz 


4 






8 




5 


-2 


158.286 


1.567 


3 






5 


C(QL5) 


1 


3 


165.279 


1.574 


2 






5 


D(LIO) 


8 


1 


156.408 


1.596 


1 


( 


! 

I 


Z 
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TABLE 

ALL TESTS OFAEGORITHHS TOR DATA SET 6 





Combined 


Comiblned 


Combined 




IBxEok 


Meani Final 


Total 


Algorithm 


iSSntlisslons 


Distrances 


Rankings 


A 


7 


8 


15 


B 


5 


5 


10 


C(0.5) 


4 


5 


9 


D(l.O) 


4 


2 


6 



TESTS OF ALGORITHMS WITE iDATA SEZ 7, SI3iGLE lESBSE;^ 'TiyE GROUPS 



AlgoilthnK 


OmissicnxE: 


jEtank 


IDisaaanasL 


Meam 

Fraal- 

Drstaanre 


Rank 


Final 
Rank 


A 


1 


2.5 


a;49l..8C®- 


1-426 


4 


6.5 


B 


0 


4 


3333L. 945 


1.499 


:2 


6 


C(0,.5) 


a 


-2..5 




1^90 


3 


5.5 


D(l.O) 




1 


1I7S£596 


1-J.25 


1 


2 



TABLE 4-29 

TESTS OF ALGORITHMS WITH DATA SET 7, MULTIPLE USAGE, FIVE GROUPS 



Algorithm 


Omissions 


Rank 


Final 
Distance 


Mean 

Final 

Distance 


Rank 


Final 
Rank ~ 


A 


1 


1.5 


149.809 


1.426 


4 


5.5 


B 


0 


3.5 


158.420 


1.494 


2 


5.5 


C(0.5) 


1 


1.5 


156.458 


1.490 


3 


4.5 


D(l.O) 


^ 1 


3.5 


179.282 


1.691 


1 


^•5 



TABLE 4-30 
ALL TESTS OF ALGORITHM FOR DATA SET 7 



Algorithm 


Combined 

Ranks 

Omissions 


Combined 
Ranks Were 
Final 
Distance 


Combined 

Total 

Rankings 


A 


4 


8 


12 


B 


7.5 


4 


11.5 


C(0.5) 


4 


6 


10 


D(l.O) 


4.5 


2 


6.5 
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TABLE 4-31 

ALL TESTS OF ALGORITHMS FOR DATA SETS 6 AND 7 



Algorithm 


Combined 

Ranks — 

Omissions 


Combined 
Ranks Mesn 
Final 

Distance . • 


Combined 
Total 
Banks. , 


A 


11 


16 


27 


B 


12.5 


9 


21.5 


C(0^5) 


8 


11 


19 


D(I.O> 


8.5 


4 


12.5 . 



TABLE 4-32 

ALL TESTS OF ALL ALGORITHMS ON ALL DATA SETS 



Algorithm 


Cofflblned 
Ranks 

Omleaions 


Combined 
Ranks Mean 
Final 
Distance 


Combined 

Total 

Ranks 


A 


48 


45 


93 


B 


40 


48 


88 


C(0.5) 


42 


38 


80 


D(l.O) 


30 


29 


59 



230 



192 



Table 4-32 shows the total ranks for each of the four algorithms over 
all seven data sets. In all, 16 different tests were applied to each 
algorithm. The total ranks on each criterion-number of omissions and 
degree of homogeneity are shown separately together with the combined 
total ranks over both criteria. 

Over all tests Groupals A and B most consistently yielded the 
most homogeneous groups .'with Groupal B being slightly more effective 
more often than Groupal A. Groupal D was clearly the most ineffective 
algorithm in producing homogeneous groups. 

With reference to the number of omissions, Groupal A was 
clearly more effective than Groupals C and D. Groupal D was again 
clearly the least effective. 

On the basis of the total testing program consisting of 64 
tests (Table 3-7), Groupal A was the most eiffective algorithm in most 
consistently yielding the least omissions. Groupal B however, most con- 
sistently yielded the most homogeneous groups. The choice of algorithm 
was clearly between Groupals A and B. Groupals C and D, which 
involved the weighting of skills eligibilities and their use as 
student characteristics, were clearly less effective. 

Considering both criteria of equal importance Groupal. A had 
an overall total rank of 93 compared to an overall total rank of 88 
for Groupal B. 

Groupal A appeared to most consistently provide a comparatively 
high measure of homogeneity and also a comparatively small number 
of omissions. Accordingly, the following recommendation was 
made. O Q 1 ~ 



Reconanendatlon 3 . Groupal A should be used in the later com- 
parison with tearaaer generated groupings. 

Before the results of this next comparison are reported, an 
analysis of tfe ^effects of various elements Is provided. The effects 
of elements such as different weights, single and multiple usage, 
different: size constraints and different numbers of groups were con- 
sidered fjenersTTy when making recommendations 1, 2, and 3, A more 
detailed analysis of these effects is provided in the next section. 

Variable Grouping Parameters and Their Effects on 

Groupings 

ThcL-i^ts referred to in the previous two sections had as 
their pslmaxy :purpo8e the selection of the most effective algorithm. 
The purpose ox the evaluation provided in this section was to manipu- 
late the various grouping parameters and to examine their effects on 
the groups formed. The results of this analysis were used in later 
reconanenaaations for modt^ing the selected grouping algorithm, 

E£Eects <of We±ghts Applied In Groupals C and D 

In an attempt to detect the effects of different weights when 
theBfi are applied to skills eligibilities, eight tests were prepared 
on hiath Groupals C and D. The results of these tests are presented 
in Tables 4-33 and 4-34 (Groupal C) and Tables 4-35 and 4-36 (Groupal 
D), Each test involved data set 2 (50% eligibility. Unit 4 student 
characteristics), multiple usage of skills and five groups of sizes 
(25-30), (25-30), (25-30), (15-20), (5-10). The seven weights used 
previously were again used together with a weight 0.0 which made 



TABLE 4-33 , 

EFFECTS OF WEIGHTS ON GROUPAL C DATA SET 2, MULTIPLE USAGE, FIVE GROUPS 



Omissions 
Due to 



Weight Ineligi- Size Distance after Number of Distance after Distance after Mean Distance 
bility Con- 1st Iteration Iterations 1st Iteration Confitraints after Con- 
Applied straints 



stralnts 



Applied 


0.0 5 


3 


181.093 


1.792 


9 


157.037 


161.960 


...■r.652 


0.5 5 


3 


181.464 


1.796 


10 


157.455 


159.209 


1.624 , 


1.0 5 


5 


182.538 


1.807 


8 


168.531 


165.834 


1.727 


2.0 5 


4 


185.553 


1.837 




182.188 


178.225 " 


1;-837 


3.0 5 


3 


185.817 


1.839 




■ 183.791 


179.457 


1.831 


5.0 5 


3 


186.540 


1.846 




183.791 


179.457 


1.831 , 


10.0 5 


4 


187.199 


1.853 




184.059 


178.225 


1,837 


20.0 5 


4 


187.199 


1.853 




184.059 


178.225 


1.837 



pgtfttB mim m wkbis or crotpai c, m sir 2, wiiTini usao, 



Sliei of 
0.0 J, 2, I, 3 

15| 10 

0.5 5, 1. I. 3 30, 21, 22, 

15, 10 

l.O 5. 2, I, 4, 3 30, 20, 21, 
15, 10 

2.0 5, 2, I, 4, 3 30, 20, 22, 
15, 10 

3.0 5, 2, I, 4, J 30, 21, 22 
15, 10 

5.0 5, 2, 1, 4, 3 30, 21,22, 
15. 10 

lO.O 5, 2, 1, 4, 3 30, 20, 22 
15, 10 

20.0 5, 2, I, 4, 3 30, 20, 22 
15> 10... 



Group 1 
TL a KO Bl 

.21, %26, s02, -.12 
.10, -.33, -.13, -.16 
..34, -.27, -.01, *.lfi 
..29, p.Ui -.06, -.05 
.31, -.23, - A ',06 
.31, -.23, -.05, '.06 
■,2J, -.19, -.05 
>.29, %ih -.06, ^05 



Croup 2 
n Al B' 

,19, .45, -.79, 
.19, .W, -.55, -.61 
.01, -.13, -.16, '.n 
.15, -.11, -.39, -.W 
.18, -.04, -.36, -.12 
.18, -.09, -.3fi» %il 
.15, -.11, -.39, -.14 
.15, -.11, -.39, -.U 



Group 3 

VI AL BO W 

;lO,-"-.32, v09, .0* 

.',03, -.65, -.36, .03 
.15, -*l6r.l^. 

-.17, s0l,'.l2, .29 

..17, nOI, -.12. .29 

-.17, -.Oli-.U, 29 

-.17, -.01, -.12, .29 

-.19, -*0l, -.12, .29 



Group 4 
Vl AL ED 2W 



-.01, .46, .31, .97 

.07, .62, ,35, 1.0 

.03, .49, .35, .96 

.33, -.U, .35, -.12, 

.33, -.14, .35, -.12 

,33, -.14, .35,sl2 

.33, -.W, .35, ^l2 

.33, ^14, .35, -.12 



croup 5 

VI AL BO 

.61, -.07, .73, -.54 

.58, -.23, .55 

.48, .24, .20 

.29, .55, -.01 

,29, .55, .06 

.29, .59, .06 

.29, .59, -.01 

.29, .55, -.01 




VI • llBuil Uc«u*re, AL ■ AttdUoT Un^»*8<. M« 
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Groupal C equivalent to GroupalA and Groupal D equivalent to Qroupal 
B. 

Table 4-33 reveals 8 to 10 omissions for each weight. Of 
those students omitted, four were ineligible for any of the skills 
initially selected by the user and all five were ineligible for the 
skills selected by Groupal C. When multiple usage of skills was 
requested, skills were selected in the order of greatest eligibility 
allowing for remainders of skills eligibilities to be considered in 
subsequent assignments of skills. Consequently, in the groupings 
shown in Table 4-34 the smallest group, 5, was always overloaded and 
most relocations originated from this smallest group when size 
constraints were applied. Students were then relocated in groups not 
exceeding their upper size limits. 

Though the numbers of students omitted were the same, the 
students were not the same . T he selection o f stud ents to be omitted 
(when necessary) depended upon the students' patterns of eligibilities 
and distances, from the centroid of the group of which they were 
members. The centroids of groups were always different from grouping 
to grouping and iteration to iteration. The imposition of size 
constraints and hence the removal of students from groups involved 
the selection of the most distant student from the overloaded group to 
be placed into another available group. If none were available, the 
student was placed into the omissions group in preference to selecting 
the second most distant student to undergo the same procedure^ This 
process had the effect of increasing the number of omissions presented 
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to the user who then makes the decision as to re-inclusion after 
examination of tHe omissions group and the accompanying diagnostic, 
which provides information on other eligibilities. 

There was no observable relationship between the numbers of 
students omitted and the sizes of the weights applied in Group al C, 
the number of omissions remaining fairly constant as the weight 
increased. Total distance after the first and after the last itera- 
tion were calculated for only those students initially placed into 
groups (101 students). Total distance after the imposition of size 
constraints excluded these other omitted aitudents. 

m all cases, the average final distance was least £ox a weight 
of 0.:0i and increased with increasing weights. This rate of increase 
was^VKry slow for weights, 2.0 and greater. 

The effect of these heavier weights was made evident by consider- 
ing the number of iterations required for convergence. The effect of 
increasing the weights assigned to skills was to decrease the number 
of iterations thus making for a more rapid convergence. However, the 
convergence was always towards a local optimum of less homogeneity as 
the weighting increased. The heavier the weighted skill eligibilities, 
the more influence they had in forcing* students with similar patterns 
of eligibilities into groups for which they were eligible. Conse- 
quently students were more quickly placed into these groups. 

Convergence in all tests conducted with weighted skills was 
always achieved within a maximum of 18 iterations. However, the 
convergence was not achieved as a continuous decrease in total 
distance. For example, the total distances at the end of each of the 

238 
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eight iterations required with weight 1.0 were: 182»538, 170.915, 
169.904, 169.154, 169.673, 168.974, 168.531, 168.531. This phenomenon 
was caused by the inclusion of weighted skill eligibilities as stu- / 
dent characteristics in the allocation-reallocation process and their 
exclusion in the calculation of the total distances. 

No differences in skills allocated were noted (Table 4-34). 
This was expected because of the nature of the skills selection pro- 
cedure. ^ skill was used mare than once because remaining eligibili- 
ties were insuSicient to cause the reffisiectiOT of any skill. ~The 
sizes of final :^oups showed little change, any change being iti the 
middle group because of ineligibilities^nd overloading of the^ 
smaller groups (Table 4-34). 

, The mean (expressed In standardized scores) of each student 
characteristic is shown as part of the profile of each group in 
Table 4-34. Negative scores can be considered to be less than the 
mean of the characteristic for the original group and positive scores 
greater than this mean. Differences in the strengths of the character 
is tics for each of the groups can be detected within each partition 
and among the partitions formed by using different weights. The 
influence of tiaaese weights on the distribution of the student 
characteristics is unclear. 

The characteristics used in these groupings all apply to read- 
ing skills and v^hen expressed In standardized score form have means 
of zero. As an example of the variation in the profiles of groups 
within the one partition consider those formed using a weight of 0.0. 



(Table 4-34). The profile of each group comprised distance maasures 
for each student on each of the student characteristics considered. 
The distances referred to are those of each student from the mean of 
each characteristic for the relevant group. The mijasures of the 
characteristics had been standardized. The groups may be character- 
ized >a8 below. 





:6xDup 1 


Group 2 


Group 3 


Group 4 


Group 5 




^11 '5 


Skill 2 


Skill 1 


Skill 4 


Skill 3 


Characteristic 




20 


23 


15 


10 


!s;£udent8 


Students 


StudenCB 


Students 


Stttdents 


Visual language 


medium/ 


medium/ 


medium 


medium 


high 






low 








Auditoxry 


medium 


high 


low 


high 


medium 


language 












Expressive Oral 


average 


low 


medium 


medium/ 


high 








high 




Exprefislve 


medium/ 


low 


medium 


^ high 


law 


Written 


low 











! <• 

Within each group of Table 4-34 there was little if any change in 
group profile forweights of 2.0 or greater, the most noticeable 
changes in profiles for each group occurring for weights of 0.0, 
0.5^ and 1.0. The moat significant of these differences occurred in 
the smaller groups, 4 and 5. 

Tables 4-35 and 4-36 refer to the effects of weights on 
Groupal D. In Groupal D, groups arc initially formed free of con- 
straints and then skills are assigned to these groups on the basis 
greatest eligibility within each group or if the multiple usage 
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TABLE 4-35 ' 

iSfEECTS OF WEIGHTS ON GRODPAL D - DATA SET 2, MULnpLE USAGE, FIVE GROUPS 



Omissions 

Hue. to ■ „ 

Weight Ineligi-,.aize Distance after Number of Distance after Distance after Meari Distance 
bility iCon- 1st Iteration Iterations 1st Iteration ConstrM 

istraints . Applied / strai^^^^^^^^ 

■ applied 



0.0 


7 


3 


151.449 


1.428 


18 


137.940 


148.786 


1.549 


0.5 


10 


8 


156.096 


1.472 


11 


137.421 


127.252 


1.446 


1.0 


5 


3: 


165.814 


1.564 


12 


156.792 . 


159.974 


1.632 


2.0 


7 


0 


195.033 


1.839 


6 


191.908 


175.421 


1.771 


3.0 


12 


1 


195.291 


1.842 


10 


190.663 


166.375 " ' 


li788 


5.0 


8 


0 


195.575 


1.845' 


5 


• 192.025 


175.879 


1.794 


10.0 


6 


0 


195.257 


1.842 


4 


193.466 


181.067 


1.810 


20.0 


5 


0 


193.175 


1.822 


7 


. 191.874 


181.412 


1.796 



GROUP 



sue 



ttilsht ChonB PlQil Group 



Gtoup 1 

VL AL a w 



O.C 4, If 5. 5, I 14. 22, 25, 
15, 10 

0.5 5, h 5, 6, 3 IB, 25» 20, 
15, 10 

1.0 I, 2, 6, 3, 5 25, 27, 2l» 
15, 10 

2.0 1, 5, 6, 3, 3, 20, 28, 26, 
15, 10 

3.0 5, I. 5, 61 24, 30, 16, 
13, 10 

5.0 . 2, 1, 5 , 2 , 6 . 26 , 30 , 21, 

I2r 5 

10,0 3, 1. 5, 2, I 26, 2?, 25, 

12, 10 

20.0 3, 5» 4, 6. I 2?, 30, 20, 



.15, .50, .40, ^n 

j 

l.O), 39,-1.13, -.55' 

-.43, -.49, %52, -.37 

..28, -.07, -.18, .33 

.03, *,07, -.05, .19 

.15, -.15, -.06, .15 

J2, .27, ,10» J 
.37, -,06, .1^, '.0« 



(^fwp 2 
VI AL D 



,52, -.U, %07, -.15 

,21, ^.58, -.28, -.25 
.12, -.27, -.16, .01 

..49, -.32, ^03, -.1? 

..08, -.05, %22, -*3l 

-.01, •■25, "-M*;*^ 

.09, -.16, "Ml -'l^ 
-.2«, ,04, .04, -.04 



VL At EP BH 



-.02, .42, .35, -.11 

.08, ,30. .50, -.39 
.09, .53, .07, .82 

.28, ,07, -.41, *00 

.n, sl8, .15, -.09 

-,10, -.01, -.03, -*15 

-.21, -.SS* ^07, %1I 
.08, - J7, %37, -.W 



Group 4 
VL AL KD 



A, -.48, -.93, -.58 



.01, .49, .17, 

.38, .33, .52, 

.34, .09, .42, 

.40. .22, %50. 

-.14, .40, -J3, 

■.09, .30, -.30, 

.17, .1B,%53, 



.97 
-.76 

-.72 

-.05 

-.27 

-.24 
-.19 



VL 



Group 5 
Al ED N 



-.57,, -.78»4,09 -.34 



.82, 
,46, 

,79. 

,39, 

•,12, 

■.45, 

-.25, 



.75, .83, 1.00 

.36, .45, .59 

.55, .34, ,16 

-.03, .45, .90 

.61, .44 i.oa 

s07, .24, .76 

.28, .45, .83 



option is used, remaining eligibilities are also considered in subse- 
quent assignmertts of skills. As observed earlier, (Table 4-5) the 
total number of omissions tends to decrease as the weight increases. 
However, this is not the case for omissions caused by ineligibility, 
these omissions being dependent on the skills assigned and the 
individual students ineligibilities. The criterion for assignment 
of skills to groups only considered eligibilities over each group 
and assigned that skill which had the greatest eligibility in that 
particular group. Sizes are matched with skills in the order of 
greatest eligibility with greatest size (based ou the lower group 
size limit). Consequently, this assignment technique was not based 
on eligibility data for the whole data set as was the case for 
Groupal C. 

The number of omissions due to size constraints definitely 
decreased with increasing weights perhaps reflecting the increasing 
influence of patterns of skills eligibilities in the initial 
allocations, which similarities in turn affect the assignment of 
skills to groups. The number of omissions due to size constraints 
in Groupal D was less than in Groupal C due to the fact that the, 
smaller groups were not as overloaded in Groupal D as in Groupal G. 

All mean distances (after the first iteration, after the last 
iteration and after constraints have been applied) increased as 
the weights increased. The lowest weights 0.0 and 0.5 and 1.0 
provided the smaller distances. For weights of 2.0 and higher, 
the distances increased very slowly. 
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Unlike Groupal C, the same skills were often selected by 
Groupal D indicating a wider range in the maximum eligibilities for 
the different groups as compared with eligibilities by all students 
for each skill. Wnen requested, multiple use of skills seemed to 
be achieved more often by Groupal D than by Groupal C. 

The same variation in the profiles of groups within the one 
partition was evident in the groups produced by Groupal D as was 
in ths case with Groupal C. 

The groups formed by Groupal D with a weight of O.G (Table 
4-35) may be characterized as below. 



SHI 



m 
wi 

m 

m 



ill 

"'.■.■r:.K''!i 

If 





Group 1 


Group 2 


Group 3 


Group 4 


Group 5 




Characteristic 


Skill 4 
students 


Skill 2 
22 

students 


Skill 5 
25 

students 


Sklir 5 Skill 1 

: i5\:,r;'^ ;^;iO:;;- ■ 

students stittdents 




Visual language 


medium/ 
high 


high 


medium 


low 




' 


Auditory 
language 


high 


low 


high 


low 


low 




Expressive Oral 


high 


medium 


high 


low 


low . 




Expressive 
Written 


high 


medium/ 
low 


medium 


low 


low 





ERIC 
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This set of profiles is dissimilar to that produced by Groupal C 
under the same conditions, making clear the fact that the different 
algorithms produce groups with different characteristics. 

Effects of Single and Multiple Usaj3;e of Skills 

Tables 4-37 to 4-40 refer to 6 tests designed to determine the 
effectiveness of both the single usage of skills and the multiple 
usage of skills options. 

Data set I (75% eligibility), data set 2 (50% eligibility and 
data set 5 (337o eligibility) were used in thiis set of tests. The actual 
eligibilities for the six skills in these data sets are shown in 
Table 3-5 but the ranges of these skills eligibilities were: 

(i) 86-75 =» 11 for data set 1, 
(ii) 60-43 = 17 for data set 2, 
(iii) 42-25 = 17 for data set 5. 
Table 4-37 which refers to the effects of the single and multiple 
usage option in Groupal A clearly shows that in no instance was the 
multiple usage of skills affected. In those instances where the 
multiple usage option was selected, Groupal A always selected different 
skills* This result was probably a function of the somewhat uniform 
eligibilities for the skills considered in each of the data sets. 
Skills were assigned in the order of greatest eligibility and in the 
case of multiple usage this was modified to consider the remainder (dif- 
ference between greatest eligibility and lower limit corresponding group 
size) of the first skill eligibility in latter assignments of skills. In 
the data sets used^ this difference was always smaller than th^ other 
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TABLE A07 

HlrtCIS (f SflOi/WLniU USAC? ON GWUPS FOWED BT CR()(JPAt A 




Diti Set I 



"""P^* 4,3 23.15, sOi.-.U 

10 



.04 .97 



,46, . 31, .61, -.07, ,)3, 



-.54 



1 



lMr~\l "3 . 152.241 1.672 2.1,5, 25.11, s43, -.4/, nM. -.32, 
' 6,4 : 23,15, -.60. •♦49, -.07, 



TlV.K *09, .67, .14, .^ -.Wl, -.47, 



-.09 



.51 



.66 



D*C4 Set 5 



6,4 23,15, -.60, -.07, -.18 .09 .31 ."q 




■ " ■ ■■■■■■ 



EmCTS OP 5Wa£/«ULTlPU USAGE Oy GH(XIPS ?(M BY CRW B 



EUgl- SUi *»fl ■ ■ ^' t 

bllltf Con- Fiul Fluil ' SWUi Sltt of , Grwp I . Grwp 2 Cioup 3 ' Gfoup ^ Croup 5 

^ itfiijti Diitioct Dliciacg cMtft dtm VL.Al CT Sf VL At gP W Vt U P a_.Vl,At. gO VI AL BP EW 

Single 0 0 1«,319 U99 3M W.U, .42, .76^68* .6^ NlOr^^l. -.^, ^.13, ^l9, " ^ , ^ -^^^^^^ 

* 6.1 2M5.7 M .00 > -.66,^.03 . -1-29, -.69 



6,1 2M5,7, .B6 

DdU Set 1 



Kultlpl* '"O 0 i?r.289 U9a 3A3, 28.2?, M, .IS, .n, ,n, n?8, -.10, .46, .11, s95, -1.46, -Ul,. 

6,1 . 26,15, .94 , .08 n89 , ■ -.82, -Jl 

10 



5 5 151.030 L.555 4»2,5, 23.23, .21. .47, .40, .37, s?7, sll. .08, .32, ,23. -.JO, ^.42, -.69, A -^2, 

1,3. 28,15, .89. . ,j.D9 sZ4 , , sJO, sl2 -1.17 

Diti Set 2 ^ 10 ^^. ^ ■ - - - - - 

rtiUlpU n 5 148.786 l'.549 ' 4,2,5. 24,22, .19, .M, .AD, .52, s63, -.07. -.02. .42, ,35, -.84. ..48, -.78, -1.09. 

5,1 25A -73 -,19 -.a -.93, -.58 -.34 

10 : , . , — — ~ 

Smt 14 2 156.206 1.75/ 6,1,5, 20.17, r.08, %38. ,35, v58, -.25, .74, .07, .37. -.36, sU, -.19, -.43, ^3B, 

2,3 29,15, -.10, ,41 -.11 sl8 -.45, s3fi -.44 . 

^'^iuiPl* 15 i 142.688 h650 6,1/5, 21,13, -.13. .45, -.16, .81, ^36, ^24, >.03, .03, .27, ..98, -.14, .32, .32, .27, 2 5 1 

* 1,2 30,21,' .45 .11 -.22 -.78, sQ2 .09 

. 10_ \ 




■0 
0> 




- ..72 r.W.^<" •» ■ ■ * 



0 




TABUE4-40 

mm OF sTO/wJiTiPU usage ok ots forked by GRm d 





Qaitiloni 
























biUty 


sue 

Con- nu\ 
strainti DisciKe 


Heen 
Flnil 
Olsttnce 


Skills 
chosen 


Size ot 
Groups 


Group I 
VL AL ED EU 


Group 2 
\rL AL ED EH 


Ct<mp 3 
VI AL ED 


. Group 4 
VL AL ED W 


Croup 5 
n Al" ED W 


Single 


0 


5 


175.136 


1.734 


4,6,3, 
1>4 


22,24, 
30,15, 


-.59, 
-.38, 


'.07 


-.05, .03. -.17, 
-.17 


.53, -.05, .15, 
-.03 


.03, .54, .68, 
,71 


-.25, .43, .09, 
'.4? 


Dtct Sec 1 












10 
















I 


0 


175*908 


1.729 


4,3,3, 
3.3 


2l,2B, 
30,15, 
10 


-.71, 
-.56. 


■,15 


.29, .06, -.13, 
-.17 


.38, -.01, .08, 
-.01 


%07, .46, .70, 
,75 


-.25, .43, .09, 
-.47 


Single 


5 


3 


159,974 


Wl 


1,2,6, 
3,5 


25,2?,. 
21,15, 


-.43, 
^.52, 


s49, 
-.37 


.12, -.27, 
-.16, .01 


,09, .53, .07, 
.82 


.38, .33, .52," 
-.76 


.46, .36, .45, 


Dita Sec 2 












10 














Multiple 


5 


3 


159,974 


1.632 ' 


1,2.6. 
3,5 


25,2?, 
21,15. 
10 


-.52, 


..49. • 
..37 


.12, -.27, 
-.16, .01 


.08, .53, .09, 
.82 


.38, .33, .52," 
-.76 


.46," .36, .45, ' 


Single 


U 


5 


145,393 
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skills eligibilities and hence that skill was not assigned again. 

Groupal C (Groupal A modified to consider weighted skills 
eligibilities aa student characteristics) likewise failed to assign 
the same skill more than once (Table 4-39) • Consequently identical 
groups were formed for both usage options. As a result no information 
was obtained on the differential effects of singie/Tiultiple usage 
. with Groupals A and C. 

Groupals B and D however were able to assign the same skill 
more than once and did so in each of the tests on data sets 1^ 2 
and 5 (Table 4-38 and 4-40). That this was so, is again a function of 
the procedure for assigning skills in Groupals B and D and also of the 
data sets used. In both Groupals B and groups were initially 
formed free of constraints, after which skills were assigned on the 
basis of greatest eligibility within each group. When the multiple 
usage option was chosen, skills were assigned to any groups in which 
that skill had the greatest eligibility. Otherwise only eligibilities 
for unused skills were considered* This meant that skills were 
assigned on the basis of subsets of the overall groupsV eligibilities , 
Smaller eligibilities with comparatively wide differences between 
skills eligibilities were noticeable. For example, for data set 2, 
multiple usage (Table 4-38) the skills eligibilities were as below: 
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Consequently, the skills selected for groups 1, 2, 3, 4, and 5 were 
respectively skills 4, 2, 5, 5, and 1. Correspondingly, the skills 
selected with the single usage option were 4, 2, 5, 1, 3. ' 

In none of the tests did the j.altiple usage option produce 
less omissions than the single usage option. Rather, single usage 
consistently yielded fewer omissions especially so because of 
ineligibility. 

However, in all biases multiple usage did result in more homo- 
geneous groupings but these differences were usually only minor. These 
same minor differences in homogeneity were reflected in similar minor 
differences in the profiles of each of the groups formed (Tables 4-38). 

The same trends were observed for Groupal D as for Groupal B 
in that slightly more homogeneous groups resulted from multiple 
usage of skills (Table 4-40) . These differences were again minor, 
with similar minor changes in the profiles of the groups formed. 
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Effects of Size Constraints 

Tables 4-41 to 4-44 refer to the effects of different 
sets of group sizes on the groupings produced by each algorithm. In 
each test the multiple usage option was selected to form five groups 
from Bata Set 1. The three different sets of group sizes were: 

(i) 25-30, 25-30, 25-30, 10-15, 5-10 (perhaps a typical request 
for a unit of 106 students with five instructional staff) , 
(ii) 30, 25, 20, 16, 15 (exact sizes), and 
(iii) 1-99, 1-99, 1-99, 1-99, 1-99 (unconsx:rained) . 
Table 4-41, which refers to Groupal A, indicates that skills were 
selected more than once when group sizes were unconstrained (1-99). 
This was possible because of the small lower limit (1) subtracted 
from a high skill eligibility (86), which when repeatedly subtracted 
gave a remainder in excess of 83, the next highest skill eligibility. 
This was not the case, however when sizes were expressed exactly. The 
sizes requested 30, 25, 20, 16, 15 did not permit any of the remainders 
to be greater than eligibilities and therefore skills were not selected 
more than once. The assignment of the same skill to four of the five 
groups when group sizes were unconstrained also forced three students 
to be omitted from the grouping because they were ineligible for 
either of the two skills chosen. The lower limit of each group size 
appeared to be a most influential factor in the assignment of skills 
and consequently on the effectiveness of the grouping procedure. It 
appeared that assignment of the same skill to the majority of groups 
may increase the number of omissions. This multiple assignment 
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appears to be a by-product of having a series of very small lower 
limits. 

Uncons training group sizes resulted in more homogeneous groups 
formed by Groupal A, although any differences in homogeneity were 
slight, especially between similar group sizes expressed in terms of 
a range or expressed exactly. Similar small differences between the 
profiles of the groups also resulted (Table 4-41). Removing size 
constraints however did result in groups with profiles dissimilar 
to the other two sets of groupings, apparently because no relocations 
of students were made because of size constraints. This absence of 
relocations also resulted in 30 students being assigned to Group 5. 
In all other groupings, group 5 was the smallest group (5-10), these 
severe size constraints resulting in the relocation of many students. 

Similar observations to those for Groupal A also applied to the 
groups formed by Groupal C (Table 4-43). 

The same trends in the homogeneity of groups observed for 
Groupals A and C also applied to Groupals B and D. The relaxation of 
-ize constraints and the specification of exact sizes both resulted in 
slightly more homogeneous groupings than when the group sizes were 
specified as ranges. The specification of exact sizes with Groupals 
B and D resulted in more omissions because of size constraints. This 
was due to the lowering of the upper limit for two of the larger 
groups > thereby forcing relocations of students ineligible for 
other groups. One skill was assigned to three groups and only 
three different skills were assigned. 
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Ef fectg of Numbers of Groups 

To test the effect of different numbers of groups on the homo- 
geneity of groups and the number of omissions from groupings formed by 
the four alg6:rithms, partitions for 3 groups, 5 groups and 8 groups 
were requesteid using data set 5 and multiple usage. The results are 
presented in Tables 4-45 to 4-48 • 

Requesting different numbers of groups for a constant numbe:r 
of students necessitates having the groups of different sizes. The 
group sizes accompanying each different number of groups are sbo v in 
Tables 4-45 to 4-48, Groupals A, B, C, and D all showed a trend to 
yield a decreasing number of omissions as the number of rec;tiested. groifps 
increased • All algorithms share the trend of decreasing omissions due 
to ineligibilities. Groupals A and C consistently produced less omis- 
sions than either Groupals B and D over all numbers of groups, 

Groupals A> B and G all showed a trend to produce more homo- 
geneous groups for increasing numbers of groups. Groupal D behaved 
erratically producing less homogeneity for 8 groups than for 5 groups. 
This erratic behavior may have been a function of the larger number 
of omissions (32). The much reduced number of students (106-32 or 
74) on which the grouping was based casts doubt on the comparability 
of the mean final distance as g measure of homogeneity. 

The level of homogeneity over these groups was very much the 
same for all four algorithms. For five groups, however, Groupal A 
performed, most effectively, as did Groupal D for eight groups. The 
comparative effectiveness of each of the algorithms for different 
numbers of groups therefore remains unclear* 
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TABLE 4-45 

EFFECTS OF NUMBERS OF GROUPS--ON GROUPINGS FORMED BY GROUPAL A 



Number of Qmxssxons 

Groups ELigi- Size Mean Skills Group ; 

bility Con- Distance Final Assigned Sizes 

straints Distance 

3 25 0 144.806 1.787 2, 1, 5 30, 25, 

(40-50, . 26 

30-40, 
20-30:) 

5 12 3 152.241 1.672 2, 1, 5, 25, 18, 

(25-30 6, 4 23, 15, 

25-30 10 
25-30 
15-20 

5-10) \ 

8 10 0 142.641 1.485 2, 1, 5, 21, 12, 

(22-27 6, 4, 3, 18, 13, 

20-25 4, 5 10, 11, 

19-22 9, 2 

15-20 . " 
10-15 
8-13 
5-10 
1-5) 
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TABLE 4-46 

EFFECTS OF NUMBERS OP GROUPS ON GROUPINGS FORMED BY GROUPAL B 



Number of Omissions 

Groups Eligi- Size Mean Skills 

bility Con~ stance Final Assigned 
stralnts Distance 



Group 
Sizes 



3 

(40-50 
30-40 
20-30) 



32 



128.546 1.737 



6, 1, 2 



21, 24, 
29 



5^ 
(25-30. 
25-30 
25-30 
15-20. 
5-10) 



18 



142.688 1.659 



6, 1, 5, 

^1^.2 - 



21, 13, 
30, 13, 
10 



S 

(22-27 
20-25 
17-22 
15-20 
10-15 
8-13 
5-10 
1-5) 



12 



138.280 1.503 



6, 5, 5, 
4, 1, 1, 
2, 2 



14, 10, 

15, 18, 
11, 10, 
10, 5 
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EFFECTS OF NUMBERS OF GROUPS ON GROUPINGS FORMED BY GROUPAL C 



TABLE 4-47 



Number of Omissions 

CIroups Eligi- Size Mean Skills Group 

bility Con- Distance Final Assigned Sizes 

straints Distance 



3 25 0 144.635 1.785 2, 1, 5 29, 25, 

(40-50 27 
30-40 
20-30) 

5 12 4 150.620 1.673 2, 1, 5, 22, 18, 

(25-30 6, 4 25, 15, 

25-30 10 
25-30 
15-20 
5-10) 

8 10 0 147.357 1.534 2, 1, 5, 17, 11, 

(22-27 , 6, 4, 3, 18, 12, 

20-25 4, 5 10, 13, 

17-22 10, 5 

15-20 
10-15 
8-13 
5-10 
1-5) 
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TABLE 4-48 

EFFECTS OF NUMBERS OF GROUPS ON GROUPINGS FORMED BY GROUPAL D 



Number of nm-i na-tons _ 

Groups Eligi- Size Mean Skills Group 

bility Con Distance Final Assigned Sizes 

straints Distance 

3 34 0 128.086 1.778 1, 6, 3 30, 21, 

40-50, 21 
30-40, 
20-30 



5 

25-30, 
25-30, 
25-30, 
15-20, 
5-10 



24 



109.891 



1.485 



2, 6, 
5, 3 



16, 21, 
12, 15, 
10 



8 

22-27, 

20-25, 

17-22, 

15-20, 

10-15, 

8-13, 

5-10, 

1-5 



15 



148.088 



1.627 



2, 1, 2, 
4, 3, 5, 

3, 3 



13, 20, 
20, 5, 
10, 13, 
8, 2 
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Effects of Different Methods of Selecting Seed Points 

Groupals B and D both possessed an option allowing user specifica 
tion of seed points, as opposed to their calculation as part of each 
algorithm. To test the effectiveness of the two algorithmic 
determinations of seed points against the alternative of user specifi- 
cation of seed points, a series of tests was conducted in which 
random selections, systematic selection and teacher selection of 
seed points were considered. 

The systematic selection involved the selection of the first 
five students in alphabetical order. The teacher selection was per- 
formed by the unit 4 leader who also selected five students. Table 
4-49 shows the seed points selected by the different methods. 

Table 4-50 shows the results of these tests using Groupal B, and 
Table 4-51 shows the results for Groupal D. In each test, datu set 1, 
five groups and multiple usage were used. 

'I'nble 4-50 shows that Groupal B was the most efficient in 
yielding the least omissions (zero) compared with a range of one to 
four omissions for random selections' and two omissions for systematic 
selection and the teachers selection. Data set 1 comprised 75% 
eligibility. Groupal B also yielded the most homogeneous groups 
although the differences between selection methods were negligible. 

The distances after the last iteration ranged from 133.675 for 
a random selection to 139.034 for Groupal R's selection - an improve- 
ment of 47o. These results suggest that the local optimal distance 
achieved by Grovipal U may not be toodistant from the true optimum. 
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TABLE 4-50 

EFFECTS OF DIFFERENT METHODS OF SELECTION OF SEED POINTS IN GROUPAL B 



Method of ■ DisUnce' Number of Distance After , Number of Final Mean Final 
Selection After 1st Iterations Last Iteration .-ftnissions Distance Distance 



Iteration 



proportionate 151.814 U 139.034 0 + 0 148.280 1.398 
division 

Random 1 195.923 14 • 138.072 C + 1 151.580 1.443 

Random 2 200.780 8 136.606. 0 + 2 154.222 1.482 

Random 3 161.911 11 133.675 1 + 3 146.944 1.440 
First data 

units 168.805 12 137.643 1 + 1 150.213 1.444 

Teacher 186.320 11 135.309 0 + 2 147.613 1.419 



TABLE 4-51 

EFFECTS OF DIFFERENT METHODS OF SELECTION OF SEED POINTS III GROUPAL D 



Method of Distance Number of Distance After Number of Final Mean Final 
Selection After 1st Iterationt: Last Iteration Omissions Distance Distance 
Iteration 



Proportionate 169.792 9 178.589 2 179.908 1J29 

division 



Random 1 195.923 16 , _ 176.286 2 172.243 1.656 

Random 2 200.780 12 168.834 0 175.182 1.652 

3 161.911 7 158.970 2 165.117 1.587 



First data 

units 168.805 13 168.733 0 179,664 1.695 

Teacher 186.320 13 161.489 2 162.789 1.565 
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Different results in terms of both omissions and homogeneity 
were achieved with the proportionate division method of Groupal D 
which yielded two omissions as compared with no omissions achieved from 
one of the random selections of seed points (Table 4-51),. Also Groupal 
D's selection of seedpoints provided the leas," homogeneous groupings. 

Over all tests, the selection of seed points utilizing the 
algorithm which was a part of Groupal B provided the least omissions 
and the most homogeneous groups. 

Effects of Extreme Student Data 

The substitution of two sets of student scores - one extremely 
high, the other extremely low for the first two students frcores 
(alphabetically), had a negligible efrect on the means of the student 
characteristics but a predictably greater effect on tho variance of 
these scores. 

TABLE 4-52 

SUMMARY STATISTICS FOR DATA SETS (i) INCLUDING EXTREME SCORES 
AND (ii) EXCLUDING EXTREME SCORES 

Including Extreme Scores Excluding Extreme Scores 
VL AL ElO EW VL AL EQ EW 

Mean 27.30 29.70 26.92 28.38 27.26 29.77 27.08 28.43 

Variance 49.74 30.85 36.69 38.50 '^45.97 26.21 32.47-35.92 

St. Dev. 7.05 5.55 6.06 6.20 6.78 5.12 5.70 5.99 
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TABLE 4-53 

EFFECTS OF EXTREME SCORES ON SEED POINTS FOR DATA SET 1 

VL AL EW 

Data Set 1 

Group 1 .61 ,64 .78 ,73 

Group 2 .13 ,13 .27 •IS 

Group 3 .08 - . 28 - . 33 - • 54 

Group 4 -1.22 -,67 -,92 -,21 

Group 5 -1.61 -1.12 -1.77 -1.46 



Data Set 1 
(with extreme 
scores) 

Group 1 .46 .79 .81 .91 

Group 2 .36 .15 .17 -.07 

Group 3 -.06 -.33 -.33 -.28 

Group 4 -1.08 -.64 -.88 -.61 

Group 5 -1.6(J> -1.80 -1.54 -1.61 



The tests designed to investigate the effects of extreme scores 
involved data sets 1 and 2, five groups and multiple usage. The 
effect of introducing two extreme and opposite sets of student scores 
vas nearly always to marginally increase the homogeneity of the final 
groupings (the exception being for Groupal C with data set 1). The 
number of omissions also showed little change. 

The influence of the extreme scores occurred in the initial 
stages of the calculation of the seed points by the proportionate 
division method, which method involved dividing up the range propor- 
tionately to the density of the points. The range is the maximum 
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distance between any two students. For example, the inclusion of the 
extreme points increased the range from 7.061 to 9.766, for data set 1 
and Groupal B. This in turn had the effect of generating new seed 
points which are shown in Table 4-53. It seems that the inclusion of 
the two opposite and extreme scores in data set 1 had a minimal 
effect overall in Groupals A and C comparative performances. 

Groupals B and D were more susceptible to the inclusion of 
the extreme scores, because of the change in range, the consequent 
change in seed points and the resultant formation of different initial 
groups. The initial group memberships^ influential in 

determining the skills to be assigned as can be seen in Tables 4-54 
to 4-57. 
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TABLE 4-54 

EFFECTS OF EXTREME STUDEOT SCOBES ON GROUPINGS FOBMED BY GROUPAL A 



Data Set 


Distance 
After Ist 
Iteration 


Number of 
Iterations 


Distance after 
Ist Iteration 


Number of 
Omissions 


Final 
Distance 


Mean Final 
Distance 


Skills 
Assigned 


1 


Data Set 1 


190.465 


6 


149.406 


0 + 0 


152.032 


1.434 


3, 6, 5, I, 


2 


Data Set 1 , 

(with 

extremes) 


186.807 


12 


143.696 


0+0 


149.163 


1.411 


3, 6, 5, I, 


2 


Data Set 2 


181.093 


9 


157.037^ 


5 + 3 


161.960 


L652 


5, 2, 1, 4, 


3 


Data Set 2 

(with 

extremes) 


179.920 


6 


159.257 


4+5 


152.130 


L568 


5, 2, 1, 4. 


3 



to 
to 
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EFFECTS OF EXTREME STUDENT SCORES ON GROUPINGS FORMED BY GROUPAL B 



Data Set 


Distance Number of 
After 1st Iteration 
Iteration 


Di tance-afier 
1 Iceratlon 


Number' of 
OmisilLTis 


Final 
Distance 


Me.an Final 
Distance 


Skills 
Assigned 




Data Set 


151.814 


11 


139.034 


0 + 0 


148.280 


1.398 


3, 4, 3, 6, 


1 


Data Set 1 
(with 
extremes) 


lf)6.832 


6 


. 133.839 


1 + 1 


137.089 


1.318 


3, 3, 6, 4, 


3 


Data Set 2 


151.449 


18 


137.940 


7 + 3 


1 148.786 


1.549 


4, 2. 5, 5, 


1 


Data Set 2 
(with 


143.904 


6 


134.212 


9 + 0 


152.251. 


.1.569 


4, 5, 2. 5, 


3 



extremes) 
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TABLE 4-56 

EFFECTS OF EXTEM STUDENT SCORES ON GROUPINGS FORMED BY GROUPAL C 



Distance Number of Distance' after Number of Final Mean Final Skills 
After Ist Iterations 1st Iteration Omissions Distance Distance Assigned 
Data Set Iteration 



Data Sfit 1 190.609 9 

Data Set 1 186.888 6 
(with 
extremes) 

Data Set 2 181.464 10 

Data Set 2 ,. 180.487 8 

(with 

extremes) 



149.890 0 + 0 153.721 1.431 3, 6, 5, 1, 2 

147.367 0 + 1 152.198 1.449 3, 6, 5, 1,2 

157.455 5 + 3 159.209 1.624 5, 2, 1, 4, 3 

158.028 4 + 4 153.593 1.567 5, 2, 1, 4,3 



TABLE 4-57 

"EFFECTS OF EXTRE^IE STUDENT ^SCORES ON GROUPINGS FORMED BV GROUPAL D 



Distance Number of Distance after Number of Final Mean Final Skills 
' After 1st Iterations 1st Iterations Omissions Distance Distance Assigned 
Data Set Iteration 



Data Set I If:9,792 9 

Data Set 1 153.792 5 

(with 

extremes) 

Data Set 2 165.814 12 

Data Set 2 153.981 13 
(with 
extremes) 



178.589 



161.577 



156.792 



156.055 



2 + 0 179.?08 1.729 4, 3, 3, 3, 3 



9 + 3 157.033 1.670 XXX'^^ ^ 



5 + 3 159.974 1.632 1, 2, 6, 3, 5 



2 + 0 159.499 1.533 6, 2, 5, 2, 3 



to 
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Effects of Various proportiong of Eligibility 

Tabld&4-58 to 4-62 refer to a set of four tests performed 
on each grouping algorithm in an attempt to identify any effects 
varying degrees of eligibility may have on the effectiveness - 
of each of the algorithms. 

Four sets of data were considered, each with a different 
average eligibility. 

(i) Data Set 0 (100% eligibility, unit 4 student data) 
(ii) Data Set 1 (75% eligibility, unit 4 student data) 
(iii) Data Set 2 (50% eligibility, unit 4 student data) 
(iv) Data Set 5 (33% eligibility, unit 4 student data) 
As usual, all tests involved forming five groups with multiple usage 
of skills permitted. 

All algorithms showed a distinct trend to yield more omissions 
as the average eligibility in the data d-^creased. The percentages of 
students omitted by each algorithm in each data set are shown below in 
Table 4-58. 

TABLE 4-58 

PERCENTAGE OF STUDENTS OMITTED BY EACH ALGORITHM 
Data Set Groupal A Groupal B ' Groupal C Groupal D 

0, lOOX elig. 0% - . 0% 0% 0% 

1 75% elig. 0% 0% 0% 2% 

2 50% elig. 7.5% 9% 7.5% 7.3% 
5 33% elig. 14% 18% 15% 30% 
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The same trend of increasing omissions is also evident in the omissions 
caused by ineligibility for the skills chosen by the algorithms. 
Omissions caused by the application of size constraints (applied after 
eligibility constraints in each of the algorithms) showed somewhat the 
same trend, other than for Groupal B (Table 4-60). 

Groupals A, B and C showed a trend of decreasing homogeneity 
(increasing mean final distance) with decreasing average ineligibilities. 

This feature was probably caused by the increasing influence 
of the eligibility constraints which more severely restricted the 
relocations possible. It is the relocations of students within the 
eligibility constraints which progressively increase the homogeneity 
of the groups. Groupal D behaved irratically in producing more 
homogeneous groups for data of decreasing average eligibilities 
(Table 4-62). Again the large number of omissions produced by Groupal 
D cast doubts on the comparability of these distance measures. 



TABLE 4-59 

IDFFECTS OF DIFFERENT ELIGIBILITY DATA ON GROUPS FORMED BY GROUPAL A 



Data Set 


Omissions 
eligibility 


Due to 
size 


Final 


Distance 


Mean Final 
Distance 


Data Set 0 
(1007 elig) 


0 


0 


149. 


759 


1.412 


Data Set I 
(757o elig.) 


0 


0 


152. 


032 


1.434 


Data Set 2 
(501 eij-g.) 


5 


3 


161. 


960 


1.652 


Data Srt 5 
(33Z eliR.) 


12 


3 


152 


.241 


1.672 
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TABLE 4-60 

EFFECTS OF DIFFERENT ELIGIBILITY DATA ON GROUPS FORMErSY GRQQPAL B 



Data Set. 


Omissions Due to 
eligibility size 


Final Distance 


Mean Final 
Distance 


Data Set 0 
(100% elig.) 


0 


0 


141.735 


1.337 


Data Set 1 
(75% elig.) 


0 


0 


148.280 


1.398 


Data Set 2 
C^Cf/ el iff 


7 


3 


148.786 


1.549 


Data Set 5 
(33% elig.) 


/'■' ■" 

18 


1 


142.658 


1.639 






TABLE 


4-61 




EFFECTS OF 


DIFFERENT ELIGIBILITY 


DATA ON GROUPS FORMED BY GROUPAL C 


Data Set 


Omissions Due to 
eligibility size 


Final Distance 


Mean Final 
Distance 


Data Set 0 
(100% elig.) 


0 


0 


149 . 681 


1.411 


Data Set 1 
(75% elig.) 


0 


0 


153.721 


1.450 


Data Set 2 
(50% eligO 


5 


3 


159 . 209 


1.624 


Data Set 5 
(33% elig.) 


. 12 


4 


190.620 


1. 673 
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TABLE 4-62 

EFFECTS OF DIFFERENT ELIGIBILITY DATA ON GROUPS FORMED BY GROUPAL D 



Data Set 



Omissions Due to 
eligibility size 



Final Distance Mean Final 

Distance 



Data Set 0 
(LOO'X. eliR.) 

Data Set I 
(757, elig.) 

Data Set 2 
(507o elig.) 

Data Set 5 
(337o elig.) 



0 



24 



0 



139.034 



179.908 



109.891 



1.311 



1.729 



159.974 1.632 



1.485 



Comparison ot Teacher Generated GroupingsWith 
Computer Generated Groupings 

In an attempt to answer the second research question: 
"Are groups, formed by the computerized grouping procedure more 
homogeneous than teacher created groups on selected student 
characteristics and when both groupings meet the same constraints? 

Three different teacher generated groupings were compared with 
the corresponding computer generated groupings. The leader of unit 4 
selected all grouping parameters applied in these tests; these 
grouping parameters are listed below. 
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Test 1 

Currlcular area ; Study Skills, WDRSD 

Skills to be considered C^^ (31 eligible) (8 eligible) ^ 

and eligibilities ; (19 eligible), E^^ (5 eligible) 

Student Characteristics considered ; 

Visual Language (mean « 27,25) 
Auditory Language (mean = 30*39) 
Oral Expressive (mean * 28 •73) 
Oral Wtitten (mean « 28.07) 

Number of students to be grouped ; 88 

Number of groups to be formed ; 2 

Size of groups ; 1"30, 1-30 

Usage of Skills ; Single 

The results obtained on the above grouping for both the teacher proce- 
dure and the computerized procedure are shown in Table 4-63. The ^ 
table shows the two groupings to have been identicals To test the 
hypothesis of independence between the two sets of skills groups formed 
by the two procedures a chi-square test was performed. The chi-aquare 
test of independence between these two groupings yielded a 3C 
167.689 for 4 degrees of freedom, which is significant beyond the .005 
level and as a consequence the hypothesis of independence between 
the two groupings was rejected. The corresponding phi coefficient (j4), 
a measure of the strength of association, was .976, a very strong 
association. This unanticipated result occurred because no students 
were eligible for both skills C^^ and Dj^^. Consequently no relocations 
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CCH?AiUSON OP TEACHER GENJRATJP M(ilTS AS) CCHPm GEKBSATED CRWH^S'SWDY SKILLS, WDRSB 



Heia j;5pyp ^ Croup 2 

procadiite Cfti"lon< FlQil Flwl S^Ul Shfii of „ .r m « 

PlltiQce . ptlttoce_ . _A»l jn^_ Ctoopi _ . Vl . Al_ .g)_& VI , Ak„ P , 

" V ' U26 ^ CU,Pl^ 30.19 A -.05. -.U. .11 -23, .03. .0?, .,25 



S« ' 39 9A.5flJ U28 CU.Dl^ 30.19 A .,05. ^12, U -.23, .03, .0?. ..25 
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were possible to maximize the homogeneity o£ the two groups by Groupal 
A. This lack of overlap between the two skills with the greatest 
eligibilities prevented a useful comparison of the two procedures. The 
nature of the eligibility data and the grouping constraints requested 
precluded any other possible grouping. 

Test 2 

Currlcular area ; Comprehension, WDRSD 

Skills considered and 

elipibllitiiin GD62(14), CD04(15), CD05(10), CE03(17), CF0l(5). 

Student characteristics 
considered ; as for test 1 

Number of students to be grouped : 88 

Number of groups to be fbnued ; 4 

Size of groups : 1-25^ 1-25, 1-25, 1-25 

Usage of Skills : Single 

The results obtained from both the teacher procedure and the computer- 
ized procedure are shown in Table 4-64. 

The eligibilities for the skills elected ^ere very small, 
having an average eligibility of 14%. Consequently, a large number of 
omissions resulted (447») and the groupings' produced could not be con- 
sidered useful. Realistically . another set of skills would likely be 
requested on which to base the grouping. These low eligibilities 
restricted the number of relocations possible md "hence the degree of 
homogeneity produced by the computerized procedure. The mean final 
distance of 1»819 however was less than that produced by the teachers* 

procedure 1.884. This difference reflected a 4% decrease in distance 

. . ' - ^'-'^ 
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COHPARlSOtf OP TEACHER CENk.- ^ CCWmER CIKEWTED GROUPS'COHPRIHENSION, WRSD 



. Giocp I (C«)3) Croup 2 (CD04) Croup 3 {m} Croup ^ (CD05) 
rro<eduri Q&i)iLoai Flul PLo^l Skllli SLtei of 

Diitince Dlitutce A»lgwd Groitpl VLAIEDEVVLAIEDEU VIAIEDEV VLAIEDEV 



Tiachen CEO), I5,15,fl. 

nccddare 45 Bl,019 CD04, 4 -.01, .25, ,04, *A -.21, ,44, .27, n22, .21, ,27, .22, -.2.1. 

cm, %2i -.10 ,52 

i CD05 



Kdiii* 45 78.247 1.819 CE04, 16,10, .12, .25, .04, %29, -.40, .44, .18, -.32, ,01, -.42, .44, ,02, 

CD02, 10,7 -.21 -.54 .09 .65 

CD05 



241 



or a 4% Increase in homogeneity by the computerized procedure. It 
should be noted y however , that although teachers had available data 
on the student characteristics, they did not use it when forming 
their groups. 

The numbers of ' nt><? produced by the two procedures were 

equal. This result v, unexpected because of the very low 

eligibilities and small amount of overlap in eligibilities. 

Of the 88 students, 79 were placed into the same skill groups 
and only 9 students were placed in different skill groups, that is 
into groups assigned different skills. This gave an agreement ratio 
of 79/88 or .898. This ratio indicated that 79 students out of a 
possible 88 students were placed into groups assigned the same skill 
by both procedures. A chi-square test was conducted to test the 
hypothesis of Independence between the two sets of skills groups. 
The chi-square test of independence yielded a3(? of 210.691 for 12 
degrees of freedom, which was significant beyond the .005 level and 
as a consequence the hypothesis of independence between the two 
groups was rejected. The corresponding phi coefficient (i) was .893, 
indicating a strong association between the results of the two 
groupings. 

The profiles of the groups produced by the two procedures are 
shown in Tables 4'-65 and 4-66. The two sets of profiles appeared to 
be similar. 
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TABLE 4-65 

PROFILES OF GROUPS RECOMMENDED BY TEACHERS, TEST 2 



Characteristic Group 1 

(CE03) 


Group 2 
(CD04) 


Group 3 
(CD02) 


Group 4 

(CD05) 


Visual T Ti ium 


low 


meijitun/high 


medium/high 


Auditory Language medium/high 


medium/ low 


medium/ low 


medium/high 
iaedium/low 


Expressive Oral medium 


high 


medium/high 


Expressive medium/low 


medium/ low 


medium 


high 


Written 









TABLE 4-66 

PROFrSES OF GROUPS RECOMMENDED BY THE COMPUTElli.. i) PROCEDURE, 

TEST 2 



Characteristic 


Group 1 
(CEOS) 


Group 2 
(CD04) 


Group 3 
(CD02) 


Gxoup 4 
(€D05) 


Visual Language 


medium 


medium/low 


medium 


, , , low , 


Auditory Language medium/high. 


low 


medium/ low 


high 


E3q>t5esslve Oral 


medium 


high 


medium 


medttun 


Expres^^V^^^ 


medium/ low 


low 


medium 


high 


Written 
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Test 3 . 

Curriculum area ; DMP 

Topics considered and Topic 49 (37), Topic 54 (27), Topic 55 (30) 
eligibilities ; Topic 45 (40) 

Student characteristics Visual numerical (mean « 31.82) 

considered ; Auditory numerical (mean - 28.68) 

Number of students to be latt^ouped ; 88 

NumJjer of groups to be formed ; 5 

Size of groups; 15-25, 15-25, ^15-25, 15-25^ 15-23: 

Usage of Topics ; Single 

The results obtataed from both tfee teacher procedure and the computer- 
ized procedxim 5&OTrn in Tabilfi 4-67. 

The el±^M3Llties for the skills requested were somewhat lacwre 
useful for gr^w^stt^K p^poses than the eligibilities in the two previous 
tests. The average "ftligibillty was 387o and the number of omissiotiB 
from the teadaer? pl^ocedure waa 12 and 13 from the computerized 
procedure. 

These Ijp i«h^r eligibilities and the number of overlaps in 
students' eliglb^Utle^ increased the opportuittty for the computerized 
procedure to peodu^ more homogeneous groups tia*n in the earlier tW^ 
tests. The ns^an f±ml distance of 0.904 from tS^e computerized pro^ 
cedure comparted hp a mean final distance of 1.331 from the teachers 
procedure ref lectxirg a 33% decrease In distance or a 33% increase in 
homogeneity by th« eaciputerizedi>rocedure. Again it should be noted 
that teachers dl^ r«ctt use student characteristics in forming their 
groups. 



TABLE 4-67 

COeAlISOK d.TEACfflajGEKSS&IlO) GROUPS AND COOVTER GEMBRATCD CROUPS. OHP 



----- 



Group I 
VW AN 



Group 2 croup 3 Group 4 Group 

VH AN Vli AH VN AN VN 



Teacheri 

procedure 12 



56,49,55, 17,19,16, 
102.528 1.349 5A,56 8,17 



.17 -.15 .12 .23 



,03 -.03 .28 .01 .03 



Compute rl ted 
procedure 13 



67.793 0.904 



56,49,55, 13,25,14, 
54,56 13,10 



.62 .81 -.17 .37 -.51 .06 .59 -.29 -.15 
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The number of omissions produced by the teachers procedure was 
12 as compared to 13 by the computerized procedure. The extra omission 
was cauBed by Group 2 (skill 49) exceeding its size limit and select- 
ing a student for relocation who was ineligible for any other skill. 
Thia student therefore was placed in the omissions group with the 
diagnostic "xerooved from Group 2 because of size constraints'." 

Of the 88 studentOiiSO students were placed into the" same skill 
groupa and 38'were pla^ different skill groups. This gave an 

agreement ratio of 50/88:;:or .568 indicating 50 out of a possible 88 
students were placed intn igroups assigned the same skill, considerably 
less iihan obtained in Test: 2 (comprehension). The corresponding chi- 
square test of independence between the two groupings yielded a 25? of 
159.0X7 for 25 degrees of :ireedom, which was significant beyond the 
.QD5 level. The corresponitng phi coefficient (ji) was .601, indicat- 
ing a moderate association ^between the results of the two groupings. 
The profiles of the groups ^produced by the two procedures are shown 
in Tablea 4-68 and 4-69. The two sets of profiles appeared to be 
somewhat different. It is noticeable that the profiles of the groups 
produced by teachers show a uniformity of student charactetlstics. 
This uniformity was not nearly as noticeable in the groups formed by 
the computerized procedure. 

The ccamputer printout produced as part of Test 3 Is shown in 
Appendix H, rPage 396 • Student names have been omitted for reasons 
of privacy. 
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TABLE 4-68 

PROFILES OF GROUPS RECOMMENDED BY TEACHERS, TEST 3 



Characteristics Group 1 Group 2 ^oup 3 Group 4 Groip 5 

(Topic 56) (Topic 49) pTopic 55) (Topic 54) (Topic 56^ 

Visual 

numerical medium medium medium medlooi/ medium 

high 

Auditory 

numerical medium medium/ medium medium ^ medium 

high 



TABLE 4-69 

PROFILES OF GROUPS RECOMMENDED BY THE COMPUTERIZED PROCEDURE, 

TEST 3 ... 



Characteristic Group 1 Group 2 Group 3 Group 4 Group 5 
(Topic 56) (Topic 49) (Topic 55) (Topic 54) (Topic 56) 



Visual 

numerical high medium low i ''gh medium 



Auditory 

numerical high medium/ roedtom. ^medium/ very low 

Mi^h How 
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Teachers' Perceptions of the Computerized 
Procedure 

A questionnaire was prepared and administered to the five 
teachers of unit 4 in an attempt to ascertain their perceptions of 
the computerized grouping procedure, /The primary purpose of the 
questionnaire was to provide information useful in answering the third 
research question: "Do teadhers involved in the grouping of students 
perceive the computerized groupings as being a more efficient pro- 
cedure than those procedures currently employed and being able to take 
into account (a) realistic constraints on the formation of groups and 
(b) relevant learner characteristics?" 

The questionnaire, which is shown in appendix G was of two 
parts. Part I was designed to identify the features of a computerized 
grouping which teachers considered important. Part 2 was designed to 
identify the extent to which these same teachers perceiyed the computer 
ized grouping procedure as including those features which they con- 
sidered important. Each part comprised 23 parallel questions. For 
example, Question 10 of Part A asked respondents whether teachers 
should be able to specid^ learner characteristics on which to form 
groups. Qoestion 10 of Part B asked these same respondents to assess 
how successful the computerized grouping procedure was in allowing 
teachers to specify relevant learner characteristics. Twelve of the 
questions referred to options, for examf£le, options for specifying 
single or multiple usage of skills. Five other questions referred to 
the use of student characteristics witen forming groups. Three questions 
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referred to the omission of students from groups, two questions to the 
comparative efficiency of the computerized grouping procedure and one 
question to the format of the computerized reports. 

Responses to each question were made on a 5-point rating scale 
and respondents were asked to make comments where they wished to 
elaborate on their responses. 

In Part A, a score of 1 corresponded to "very desirable*' and 
a score of 5 to "undesirable.*' In part B, the correspondence was 1 
for 'Very successful" and 5 for "unsuccessful", # 

The questionnaires were issued to teachers on May 27, 1976 and 
received back by June 4, 1976 just prior to the end of the school year 
Prior to, and while completing the questionnaires, teachers had avail- 
able the three sets of groupings" produced by the computer. What 
follows is a qualitative description of the responses made by the five 
teachers who had been introduced to the computerized grouping proce- 
dure. These perceptions or impressions reported by teachers are 
organized under the headings : 
(i) options, 

(ii) format of grouping reports, 
(iii) omissions , 

(iv) student characteristics, 
(v) efficiency. 

Options That teachers should be able to specify the number of groups 
v^s consistently considered very desirable or desirable by all 
respondents, who unanimously agreed that the computerized procedure 
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did this very successfully/The importance of specifying the exact 
sizes of groups^ was given as overall median rating by respondents 
with one respondent claiming it to be an undesirable feature. 
Respondents also gave a median rating to the computerized procedure ' s 
success in providing this option, only two teachers recognizing the 
procedure's capability for doing so. The option of specifying 
group sizes as ranges was unanimously considered very important and 
with one exception as being very successfully achieved by the computer. 

Also considered unanimously very important was the need to 
specify a set of skills from which those to be studied by each group 
are selecred. Teachers did not consider it as important to specify 
what particular skills were to be assigned to each particular group. 
Respondents perceived that the computer very successfully achieved 
this latter goal. Only one respondent noted that the computerized 
procedure did not provide the option of specification of particular 
skills to particular groups. The single/multiple usage option was 
consistently perceived to be desirable and successfully provided. 

Teacheirs generally considered it desirable to have the option 
of being able to specify particular students who are to be or are not 
to be placed on the same group. The respondents however gave a median 
rating to the computerized procedure's success at placing into 
different groups incompatible students. - The latter option of placing 
specified students in the same group was correctly noted as not being 
available by four of the respondents. 

Teachers did not consider it very important or important that 
they be able to request groupings based only on student characteristics 
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and without reference to eligibility or to request groups formed only 
on the basis of eligibilities and without reference to student 
characteristics. Generally, teachers perceived these options as 
being successfully provided by the computerized system. 

Considered important was the ability to request groups from a 
subset of the units as well as the whole unit . The option was 
perceived as being succesufully provided by the computerized procedure. 

Student Characteristics . With one exception teachers considered 
the specification of student characteristics on the basis of which 
groups are to be formed, to be very important but gave only a median 
rating to the computer's ability to provide this successfully, one 
respondent giving a rating of 5 (unsuccessful). Another respondent 
in his accompanying comments stated he preferred to use his personal 
knowledge of students rather than quantified information on learning 
styles, which he believed to be inaccurate. 

Teachers considered the forming of maximally homogeneous groups 
as important but gave only a median rating to the computerized pro- 
cedures ability to provide these groups. / 

Strangely, teachers did not perceive as important the need to 
readily observe differences in group profiles and gave a median rating 
to this feature. A similar rating was given to the computerized 
procedure's ability to provide this information. Teachers did however 
consider it important that similarities in learning characteristics 
over each group should be helpful to them when they prepare instruc- 
tional prescriptions. The respondents gave a median rating to the 
procedure's success at providing this help. 
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Format of Grouping Report 

The inclusion in the report of: 
(i) names of students in alphabetical order, 
(ii) the number of students in each group, 
(iii) the name of the skill assigned to the group, and 
(iv) the mean of each characteristic for the group, were all 
considered very important and very successfuily achieved 
by the computerized procedure. 

Omissions 

Minimizing the number of students omitted iErom the grouping was 
generally considered important or very important. However, only one 
respondent considered the computerized procedure as being successful 
in achieving this minimization, the overall rating being 3 (the median). 
Considered very important was the need to provide reasons for each 
omission and to provide alternative grouping recommendations for these 
omitted students. The computerized procedure was rated successful 
in providing reasons for occasions and given a median rating for pro- 
viding alternative recommendations. ~- 

Efficiency 

That the computerized grouping procedure should be more 
efficient (take less staff time) than either a manual grouping pro- 
cedure using McBee cards or a CMI grouping procedure using Instructional 
Grouping Recommendation Forms was consistently considered very important 
by respondents. These respondents considered the computerized proce- 
dure to be much more efficient than a manual procedure and aS; being 
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mote efficient than the present CMI system of using Instructional Group- 
ing Reconunendation Forms. 

From the responses made by the five teachers to questions about 
the desirability of certain features of a computerized grouping pro- 
cedure and to questions about the computerized procedure's success 
in providing these features, ±t is clear that no feature discussed 
was considered unimportant. Ten out of the twelve options referred 
to were considered as very Important or important, the least important 
features being requests for groups of exact sizes and for groupings 
not based on eligibilities for skills. 

Overall, the computerized grouping procedure did not receive 
top ratings for its perceived success in achieving features considered 
important. However, no feature possessed by the computerized procedure 
received less than a median rating over all respondents. The options 
perceived as being least successfully provided were (i) specifying 
particular students to be placed in the same group (considered impor- 
tant by most respondents) and (ii) forming groups only on the basis 
of student characteristics. 

Although teachers perceptions of the iiTiportance of the various 
aspects of using student characteristics when forming groups were 
inconsistent, all aspects referring to maximizing the homogeneity 
of groups and the use of group profiles in making instructional 
prescriptions were considered as important. Respondents however 
consistently gave only median ratings to the computerized procedure's 
success in providing for these features related to student learning 
characteristics. 
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All aspects of the grouping report were considered Important 
and very well met In the computerized reports. 

All aspects of minimizing omissions and of providing information 
helpful In the subsequent placement of these students were also 
considered very Important. The computerized grouping procedure's 
success In minimizing omissions was rated 3 (the median) by teachers 
and only slightly above the medlanon providing recommendations for 
those students omitted. 

The computerized grouping procedure was perceived as being 
much more, efficient than a manual procedure and more efficient than 
other WIS-SIM procedures. 

Summary 

This chapter reported and analyzed data collected as part of 
the evaluation of the effectiveness of the four algorithms which had 
been designed and computerized for use in forming groups for instruc- 
tional purposes. Initially it was determined that Groupal C was 
most effective with a weight of 0.5 on each skill eligibility and 
that Groupal D was most effective with a weight 1.0 on each skill 
eligibility. Groupal A was selected as being the most effective 
in terms of the number of omitted students and in terms of the 
homogeneity of the groups formed. This decision was reached on the 
basis of a testing program of 64 tests in which the parameters of 
the grouping process were systematically varied to provide a compre- 
hensive range of realistic grouping situations. Over all tests Groupal 
B most consistently yielded the most homogeneous groups and Groupal A^ 
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the least omissions. Considering both criteria of equal importance 
Groupal A had a higher total ranking and hence was selected for 
comparison with teacher groupings. 

Each of the four algorithms were subjected to a battery of tests 
to determine the effects of various elements of the grouping process 
on the groups formed. These parameters included weights of skills, 
single/multiple usage of skills, size constraints, number of groups, 
methods of selecting seed points, extreme student scores and different 
proportions of eligibility. These analyses provided information on 
the performance of the algorithms which may be useful in their more 
effective use. 

Two of the three comparisons between teacher generated groupings 
and computer generated groupings failed to produce useful information. 
The third comparison, which involved the DMP program and related 
student characteristics, suggested that the computerized procedure yieldi 
an equivalent number of omissions and much more homogeneous groups. 

Teachers perceptions of the computerized procedure were assessed 
by a questionnaire in the form of a rating scale. No grouping feature 
considered important by teachers was considered to be unsuccessfully 
provided by the computerized procedure. In fact, no feature received 
less than a median success rating. 



REVIEW, F1NDIHG2S,, JlECOMMEcJDATIONS 
AND IHPLICATIONS 

rhfe**^ chapter summarizes the study as a who*4e integrates the 
findings,^ isakes recommendatica^ based on these fla Ings and finally 
considers the Implications o£ the finditJgs. The first section :provides 
a summary of Chapters I* IV. The second section synthesizes the find- 
ings related to the research questions. The third section contains 
recommendations on the ullage of the computerized procedure. The final 
section discusses the implications of the findings for research and 
administrative practice. 

Review 

This study was concerned with the formation of groups of students 
and specifically addressed the problem: Can a computerized procedure 
be developed which is useful in forming groups of students for 
Instructional purposes? 

The procedure developed to solve this problem wa0 mathematical 
in nature and Involved utilizing computer technology in its implemen- 
tation. The study itself comprised the design, development, application 
and evaluation of the procedure. 

The solution to the above problem was based on an anafysis of 
the specific educational environment within which the solution was 
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applied. Ta.. ^cecdttr^ developed in this study Mmed to facilitatre^ 
in part, tbfe taji^^jyi^^g^nfiStexr of a particular indi^idiialized program of 
instruction, mkely ltnn.vidually Guided Education (IGE). Specifically, 
the study was (foncimiuCed as an extension of the grouping procedures 
employed by ttivv -ijakcou^in System for Instructional Management (WIS- 
SIM), the comp^v^^'^t ^ijf^tem which supports IGE, 

The si? :ii:i^c:e of the problem was derwed from a consideration 
of some feature tm ^xrja^SLviduallzed instructional programs and in 
particular was ?ttifj7<c^an:Hd by (i) the central role of grouping practices 
in individual! i^^isliructional programs, (ii) the need for providing 
instructional ci ision-makers with more relevant information on which 
to base groupingiS, mid (iii) the need to provide more efficient and 
effective prace&>res in the formation of the groups. 

Chapter I iia part considered the educational environment in 
terms of (i) tke purpartSes of grouping within individualized programs 
of instruction, #za ananual grouping practices in IGE, and (iii) factors 
on which to form ^ctei^s such as: aptitudes, achievement, interests, 
learning style raaidL thB:: measurement of these factors. This examination 
led to the setting of the following criteria which an acceptable 
computerized grouping procedure should meet. 

Criteritat 1- ^ computerized grouping procedure should provide 
for the creation of maximally homogeneous groups based on relevant 
student learnl5cg chairairt eristics. 

To provide for flexibility of grouping arrangements compatible with 
IGE practices the. next two criteria were proposed. 
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<Cr iter ion 2 ; A computeri25ed grouping procjedur?^^ ihouLd peermit 
the storage of diverse data from which selections C£)3i W made to meet 
differsnt instructional purposes. 

Criterion 3 ; A computerized grouping proceda^4^ aaiould jparmit 
the formation of groups, the sizes and numbers of viiltlii'csan be ^pecir 
fied by those responsilELe for the formation of the giSJaBows. 
The examination of both IGE and WIS-SIM educational p^xlicte and group- 
ing practices made obvious the need to consider thei:ts!ateire of 
hierarchically sequenced, instructional programs T^^ consideralrion 

Criterion 4 : A computerized grouping procedure should take 
into account the prerequisite structure of the instructional program 
when such prerequisites help determine the compoG:ition of the groups 
to be formed. Concern for the heterogeneous nature of the variables on 
which the group l .g was to be Ibased led to the next criterion. 

Criterion 5 : A computerized grouping procedure should. permit 
the selection of data measured on different scales as this is considered, 
relevant to the purpose of grouping. 

A brief summary of quantitative models used for grouping :in 
some nonreducational areas was presented as part of Cha pi ter I :in an 
attempt to ascertain their relevance to the problem of grmping 
students for instructional purposes. This summary , which ^as pre- 
liminary to a detailed examination of those techniques coxtsldiarHd 
as being: most relevant in the solution of the problem, incla^^ 

318 



258 



(i) hierarchical techmiquea^ 
(xx> QptlmizattrfTm - mrtitiadoing techniques, 
(iiSi) density :or mode- seeking taimniques, 
(irv^ clumping techniques, 

(v) other methods which did mot Mil clearly into any of the 
other four groups, fornexamjile, factor analysis and 
discriminant func:tion analysis. 

It became apparent from the survey that none of trlie Bv^ailable 
clustering techniques were exactly applicable to the grsttplJ^ situation 
as defined by Criteria 1 through 5^ For example^, none af the techniques 
r-CTTiewed directly referred to eligiibility for group memferslEiip . Neither 
dicL any of the applications of these techniques iiicorpiaxais: tire option 
of prespeclfying the sizes of the groups. However the :partitioning 
techniques, which are very similar: to the steepest descent: a Lgorithms 
used for unconstrained optimization problems in inon-;linear programming, 
appeared more directiLy amenable to saich constraints:, than did the 
other clusiHBring tedmiques, which aeasie mostly used where inaturally 
occirrring: clusters arne sought. 

Despite the "JSnitation of providing only local optima, parti- 
:ti3iE]lng techniqufiSE^peaiissa to most Jilosely meet cril:eriQn 1 through. 5. 
Their i^naral structaicce appeared mare adaptable to aoeet rthese critersi 
Xtrxhei^are seemed proftSablLe: to ISmit a mors: detaSLedi^t^CTsamination 
o£::cius:tEXing techniques Hhd the opii2si±zation~partltEix)nl3^ 
Thits was accomplished in Chapter 11 and served as the b^iis of the 
design of an acceptable algorithm. 



319 



259 



.te examination of the ^^alterations research literature revealed 
thttc tbfi aoib-optimal partlcfi^csi^aing techniques introduced in Chapter I 
werss. 31 fssdb^l: of a vider cccP lection of: optimization procedures designed 
to gn^mtgiwablnatorial p xiiBaa iis. Because the problem investigated 
invBEfeqiwl: (^i) the search for: ^ algorithm directly applicable to the 
gronip&ng^^ j^f students for iisaaaructlonal purposes and (ii) the possible 
subsequeflttt modification of«x listing algorithm, it appeared appro- 
priate to TreasclfiW the wider cssElect ion of combinatorial procedures and 

theixr appiication to assignment problems.. The various -procedures 
reviewed .iroludad (i) complete enumeration; (ii) integer programming, 

(illO impxicirt enumeration procedures, and (iv) heurisitic or sub- 
op tSmaltprocedures* This review led to the followingiseries of 
xKcaammenfetions which constituted the basis of the desiign of the 
jcaHaputer±zsd ^grouping pt^jcedure. 

RecommaH ***"^" T Complete enumeration of all groupings to 
.Cemti^ -that i^upiJiirr^^^flt^ch achieves maximal ho mqggge lty should not be 
/gjoaailztered feritSer^ sfncsa. it is not a JEea^ible procedure. 

because o£ tSBs uncertainty of obtaining optimal solutions: with 

y^^tmtnrr progsammitig^taBfiSthocfesand: -the complex nature of ::the problem being 

saa^fed: (e. g* , el±gSj5fil3±y ^ad size constraints on gt^oap . membership) 

-twm r^'BTf^ (ytpfrr^^ ^mrajm^t^Hat-iiTOn was also made. 

RecommegBida t±ani 2 : Jta integer programming::procedure should not be 

con^federed furtsher as a vifiBTe method of identifying that groupirlg 

whixizx: achieves maximal homa^neity. 
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Although the problem, of grouping students for instructional 
purposes may be formulated: in tsrms of tthe implicit enumeration proce- 
dures such as branch and bKnixx£^ backtrackinag: and dytsasnlc programming 
their application to tS^is gcc^a!{ii:ng proffi^^ appeared ttd be computa- 
tiosnally infeasible; this oaattertration led Zo the f oUtowing recommenda- 
tixaa: 

Recommendation 3 : None of the exacH proceduiras shoiiild be con-^ 
sicfered ft crther as viable nnmtfhods for identifying that grouping which 
achieves maximal homogeneitng;;.. 

Because it appeared: £jhat the c ojml na t i onal problem being 
investigated could only be :se.asonably soUved by ra sub- optimal 
approximation the fcHlowing recommendation was made. 

- Recoflimeffidiatitfai 4 : The available heuristic iaO^orithms should 
be xsvifiswed for the 3^i«r$roses of selecting one algorithm for tmplemenlra- 
tion, or aiitemativei j selecting desiraiKle charac:?terist±c£ of dif^tenC: 
algoritimis to compris^^ ^ joew a3@3rithm. 

Most a£ ^l^Se ft^^Wiry^^ i^mplny ^^ d-T^crrrnr-f piastDedlEEeS- 

(x) pia^Ei^crces for: irfitiating groups , 
(iii) proc^dui^s forrr^Locscting entities, arm. 
(:1~fi) a grouping critexion 
Becsnse the purposeuof grouping students was^ to produce ^©ups: 
of individimis maximally homogeneous in relation ttr ifefte total fet ^ 
variables and alsLD to ensure that each ijidivirttial ^^^s 333sa:ativeiLy 
sijma3ter JSot ^^^ssesa^ other indiactdual in t&e same clmnrer ^n each ^mx^MMJEe^ 
becanffi: xhe ^grouping was lessr oriented .towards tia^ ob^jectives of: 
cla?mf:f icatinn or .clustering' than towards the purcsoses of dissectrion:, and 

o ■ 
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because of the administrative restrictions tn the formation of groups, 
the following recommendation was made: 

Recommendation 5 ; A minimum imrtance criterion should be used 
as part of a heuristic-^pxogramming technique:. 

Twelve minimum vsaxiance pxocednsss were reviewed /and a decision 
made to consider further the partitioning proceduMS of Forgy, Jancey, 
MacQueen and Ball and: mUl as weil as variants on ±hem proposed by 
Wishant and McRae (ptage This discussion resulted in the following 

recommendations. 

Recommendation. (6 ; Seed points leading to ^ ;trrf^ a ?v partition 
should scan the whole data: set aiarL take into acccscmt tiie aensity of 
the data set.., 

. RecoBmieiida±±on 7 ;. Xfaffi Foxgy rsallocatiaan misrsaa^ should be 
used to pxafluce a local unliiimum erf :3sasi total wltfaiin:: ^sibups sum of 
squares crttetion. Tfc fiEtSgoritfaia^i^^ 
with fisced: numbers of :gr„'T;ffi i Li> s.> 

Recommendation 8- All variaMe^ oan which :the ^totxe±ns is to be 
based should be standardized. 

Recommend^dLom B z The meaBxtEe <ffif «±mf3£ax±cy lay be used is the 
weighted EuclideaiExilwitrlc: 




where a, is th£ wetghl: attacted :tx) tteikth„ variable 
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Recommendations 4 through 9 referred to homogenizing procedures 
usually considered in the literature independently of any administra- 
tive constraints. 

Accordingly, the homogenizing procedure outlined had not been 
considered within the operating framework impd^^ 

Without further development, such an algorithm was considered inade- 
quate for solving the problem of grouping students. Because of the 
structure searching purposes of clustering algorithms, the individual- 
istic nature of heuristic algorithms, and the lack of applications of 
computerized grouping procedures in school settings, it was concluded 
that no presently existing algorithm could be directly employed to 
solve the grouping problem investigated. It, however, was the case 
that some features of these other procedures could serve as the basis 
of a design for an algorithm useful in grouping students for instruc- 
tional purposes. 

The development of an acceptable algorithm concerned the fitting 
of a homogenizing procedure within a framework of administrative 
constraints. It was considered that such an algorithm should comprise 
the following essential elements (it was assumed the number of groups 
to be formed was known): 

(i) a criterion to be optimized, 

(ii) a measure of inter-student similarity, 
(^iii-)^the-determination of seed points around which to form groups 

(iv) the allocation of students to groups on the basis of 
learning characteristics. 
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(v) the continued reallocation of students to groups to optimize 
the criterion, 

(vi) the allocation of skills to groups, 
(vii) the allocation of size limits to groups, 
(viii) the Imposition of group size constraints, 
(ix) the imposition of eligibility constraints. 

Four Algorithms 

On the basis of the foregoing considerations, which were 
developed in Chapters I and II, four algorithms were designed, and 
computer programs were written, implemented and evaluated. 
The first grouping algorithm (Groupal A) : 
(i) initially selected skills, 
(ii) matched group sizes with skills, 
(iii) allocated eligible students to these groups to 
maximize their homogeneity, and then 
(iv) applied other constraints. 
The second grouping algorithm (Groupal B) : 
(1) initially allocated students to groups to mximize 

homogeneity and withoiifc any constraints, 
(ii) then on ^tie basis of these groups selected skills, 
(iii) and finally applied other constraints. 
The third grouping algorithm (Groupal C) was Groupal A modi- 
fied to include student eligibilities (weighted) with student 
characteristics in the assignment of these students to groups. 
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The fourth grouping algorithm (Groupal D) was Groupal B 
modified to include student eligibilities (weighted) with student 
characteristics in the initial allocation of students to groups. 

In each of the four procedures the users specified: 

(i) whether the eligibility for skills was to be taken into 
account, 

(ii) whether student characteristics were to be taken into 
account, " ■■■ 

(iii) whether the one skill could be studied by more than one 
group, 

(iv) the number of groups to be formed, 

(v) the size of each group to be formed, 
(vi) the number of students to be grouped, 
(vii) the skills to be considered, 
(viii) the student characteristics to be considered, 
(ix) the students to be placed in different groups, 
(x) the maximum number of iterations permitted in the 

relocation process. 
For Groupals B and C the user also specified: 
(xi) the weighting to be applied to the skills, 
(xii) whether seed points were to be calculated or specified. 
The profile of each recommended instructional group comprised 
(i) the group number, 

(ii) the skill to be taught, 

(iii) the number of students in each group, 
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(Iv) the group members identification numbeiB and namea in alpha- 

'betical order, 

(vj the dlsHonce o£ each student from the mean, and 
(yX) the mean, variance and standard deviation of each 
BSmSBVLt: characteristic for each group. 
An omissions- g^up was al3o provided showing those students omitted 
from the gisflfdng and the reason for each omissiono 

The E^raluat^on procegures ^vr - 

Ihi& araluatrion was performed in three parts. The first part 
determia^ trhe iBiDfflt effective of the four procedures developed; the 
second part ^EEtenained which of the computerized grouping procedure 
or a teacher grouping procedure was the most effective, and the third 
part detensEined teachers' perceptions of the efficiency and effective- 
ness of the computerized grouping procedure. 

Tbe ci3mpa>ete evaluation plan designed to answer the three 
research tquffistlons .involved (1) establishing sets of criteria, 
(ii) designing a tasting program in which the different grouping pro- 
cedures are tested under different conditions, and (iii): collecting 
sets: :of ^student data on which to test the different procedures. 

TSffi^ data required for these testing purposes consisted of data 
relatini^ to the eligibility of students for particular skills of an 
objective based program and data relating to the characteristics of 
each stndent. One unit of 106 students from an IGE school was chosen 
as the source of student data and the teachers in this unit provided 
an aissessment of the computerized procedure. 
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Data collected on the learner characteristics of each student 
included measures on nine constructs of learning style, the number of 
skills m.-stered in the Study Skills component of the WDRSD program and 
scores on the Stanford Diagnostic Test of Reading, These data 
served as the basis for the compilation of four different sets of 
student characteristics which were then combined with three simulated 
sets of eligibility data to form seven different data sets for use 
in the comparison of the four grouping procedures. 

The testing program designed to evaluate the effectiveness of 
the four algorithms utilized a subset of four student characteristics 
and six skills. The testing program was prepared in three parts: 
(i) 14_te.s.ts to determine the most effective weights for 
• Groupals C and D, 

(ii) 64 tests to determine the most effective of the four 
algorithms, 

(iii) 12 tests to determine the most effective method of deter- 
mining seed points in Groupals B and D. 
Throughout the "cornplete tes':ing program of 90 tests, the data sets, 
group sizes, number of groups and the single and multiple usage 
option were all varied to represent the conditions in which the group- 
ing procedures would realistically be implemented. The testing pro- 
gram however, involved the selection of a relatively small set of 
conditions from a much larger set of possible conditions. 

Two criteria were used as the basis of selection among the 
weights and among the algorithms: 
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(1) the average final distance as a meajure of homogenetty, and 
(11) the number of students omitted from groups. 

Both criteria were considered of equal importance and all 
tests were accorded an equal value. The performances of each weight 
and each algorithm were ranked on each test and each criteria and the 
weight and the algorithm with the ec«ai:est ranked score3 over all 
tests and both criteria were selected as being the most effective. 

The comparison between the teacher generated groupings and the 
computer generated groupings Involved three separate groupings, each 
for a different Instructional program. The unit leader selected 
all parameters for each grouping: skills and student characteristics 
to be considered, numbers of groups^ sizes of groups', and single or 
multiple usage of skills. The number of omissions yielded by each 
method was recorded. The homogeneity of each set of groups was 
measured by the average final distance. The similarity of each set 
of groups was assessed by comparing the profiles of the groups formed 
by a ratio of agreement, and by the cnhi-jkiuare statistic and the p(hi 
coefficient of association. 

The teachers' perceptions of the efficiency and effectiveness 
of the computerized grouping procedure were obtained by having the five 
teachers involved complete a questionnaire. The questionnaire was 
designed in two parts; part 1 was designed to identify those features 
of a computerized grouping procedure considered to be Important by 
teachers, and part 2 was designed to identify the extent to which 
teachers perceived the computerized grouping procedure as having been 
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successful in providing these features. 

Chapter 4 presented the analyses of these evaluations. 

Findings 

This section is presented In six parts. First, findings 
related to the effectiveness of different weights, applied to the 
skills eligibilities in Groupals C and D are described. Second, the 
findings related to the effectiveness of the four algorithms are 
described. Thirdly^ the effects of various elements of the grouping 
procedures on the groups formed are discussed. This section is 
followed by a fourth which concerns the effects of weighted skill 
eligibilities, of single/multiple usage of skills, of size constraints, 
of the numbers of groups, of different methods of selecting seed 
points^of extremes In student data^ and of various proportions of 
eligibility. The fifth section describes the findings related to the 
comparison between the teacher generated and computer generated group- 
ings. The final section reports the findings related to the teachers 
evaluation of the computerized grouping procedure. 

Selection of Weights 

Fourteen tests were designed to determine which of seven 
weights ranging from 0.5 to 20.0 were the most effective when applied 
to skills eligibilities in Groupals C and D. The same seven weights 
were each applied to data set (75% eligibility) and data set 2 (50% 
eligibility) with number of students to be grouped, number and sizes 
of groups requested and multiple usage of skills all being held constant. 
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The analysis showed that a weight of 0.5 applied in Groupal C 
was clearly the most effective in terms of consistently yielding the 
least number of omissions and the most homogeneous groups. Generally, 
it was found that the homogeneity of the groups varied indirectly with 
the size of the weight. However, the rate of decrease in homogeneity , 
became less as the weigh;: increased. The largest decreases in 
homogeneity occurred for weights of 2.0 or less. The number of omis- 
sions varied only slightly over both data sets, with a weight of 0.5 
yielding the least. Consequently it was decided to utilize a weight- 
ing of 0.5 for all skills eligibilities in later usages of Groupal C. 

The corresponding tests of weights applied in Groupal D did 
not reveal any one weight as being the most effective although a weight 
of 1.0 was chosen for later implementation because of its very slight 
advantage on both the omissions and homogeneity criteria. This lack 
of a single most effective weight resulted from two trends each of 
which nullified the others' effectiveness* An increase in weight 
tended to correspond to a decrease in homogeneity and a decrease in 
the number of omissions- The decrease in homogeneity (measured only 
on student characteristics and not including the skill eligibilities) 
was apfcjarently a function of the stronger influence of the increasing 
Weights In the location-relocation process. Conversely, the true 
student characteristics contributed a decreasing influence in the 
location-relocation process; the^end locations consequently possessed 
less homogeneity than they did with lighter weights. The trend to 
lessor numbers of omitted students for increased weights was anticipated, 

330 



270 

this being a purpose in the design of Groupal D. The influence of the 
weighted skill eligibilities was felt in the initial assignment of 
students to groups when students with similar patterns of eligibilities 
were forced into the same initial groups. 

A weight of ,1.0 was chosen to be applied to skill eligibilities 
in later tests of Groupal D on the basis of the evidence which indicated 
its comparatively effective performances on both criteria. 

Selection of the Most Effective Algorithm , 

A set of 64 tests was designed to determine that algorithm which 
most consistently produced the least number of omissions and the most 
homogeneous groups. The tests included five different data sets, 
three different sets of group sizes and three different numbers of 
groups to be formed. The number of students to be grouped was the 
only constant element throughout the testing program. 

Over all tests, Groupals A and B most consistently gave the 
most homogeneous groupings with Grouryal B being slightly moire effective. 
Groupal A was clearly the most effective algorithm in most consistently 
yielding the least number of omissions. Considering both criteria of 
equal importance, Groupal A was selected for a later comparison with 
a teacher grouping procedure. 

SeVi-ral exceptions to the trends relating to Groupal A should be 
noted. Groupal A was comparatively ineffective in yielding the most 
omissions when no group size constraints were applied. In this case 
the small lower limit of the group sizes (1-99) resulted in the 
multiple usage of the one skill and the selection of only two skills 
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over all five groups. This reduced selection of skills resulted in 
more students being omitted because of ineligibilities for the two 
skills. 

The number of omissions yielded by Groupals A and B were 
generally unaffected by the presence of extreme student scores but 
Groupals C and D clearly gave less omissions in the presence of 
extreme scores and in comparison to Groupals A and B. This advantage 
of Groupal however was not consistent, and reflected the volatile 
behavior of the algorithm in being affected by the extreme scbres, 
which in turn affected the seed points and initial group maribexship, 
and finally the assignment of skills. Groupal D, throm^u^: tSae 
testing;:pa:ogram produced inconsistent results, a features act shared 
by GroupML Am 

Groupal A was comparatively more effective in providing 
homogeneous groups on data with high average eligibility than on data 
with low average eligibility. All algorithms produced more homogeneous 
groups in data containing higher average eligibility, and Groupal A's 
comparative disadvantage on low eligibility data is difficult to 
interpret because of the much greater numbers of omissions (particularly 
produced by Groupals B and D) which have the effect of grouping quite 
different subsets of students out of those in the original unit. 

The selection of the weights for skill eligibilities and 
the final selection of the most effective algorithm were based on 
only a relatively small sample of conditions. Although the testing 
program was considered to be representative of realistic grouping 
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situations, it should be recognized that the final selections were 
based on one testing program and one set of criteria. The reliability 
of these selections is unknown. 

An analysis of the effects of varying different elements in the 
grouping While controlling other elements was also provided in 
Chapter IV. The purpose of this analysis was to identify any unfore- 
seen effects which would lead to recommendations for using the pro- 
cedures and perhaps to later modifications. 

EfSects of Weights 

In an attempt :to more specifically describe the effects of 
weights on the groups formed by Groupals C and D eight tests were 
performed involving data set 2, multiple usage of skills and five 
groups of sizes 25-30, 25-30, 25-30, 15-20, 5-10. 

There was no observable relationship between the numbers of 
students omitted and the sizes of the weights applied in Groupal C. 
However, the homogeneity of the final groups was always the least 
when no weight was applied to the skills eligibilities. The light 
weighting of 0.5 resulted in only slightly less homogeneous groupings. 
The decrease in homiageneity for larger weights was noted earlier. 
Another effect of these heavier weights was to reduce the number of 
iterations required to achieve convergence to a local optimum level 
of homogeneity. This more efficient result was due to the influence 
of the weighted eligibilities in initially placing into the same 
groups students with similar patterns of eligibilities and consequently 
restricting the number of relocations. This lesser number of 
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relocations led to a quicker convergence to a local optimum, with, 
urlfortunately, also a lower level of homogeneity. 

The convergence was also noted as not being a continuous 
decrease in homogeneity, when this was measured oa the true student 
dteracterlatics. This^as due to the inclusion of weighted eligibili- 
ties^ in the location-i=Location process and their inclusion in the 
::sieasurement of homoget»edty. 

The most noticeable changes in final groupnprofiles produced 
:wry Groupal C resultedlliy using the lower weights of 0.0, 0*5, and 
l.,I)T^with only very minor changes being noticed as3:a result of heavier 
'we±ghts. The smaller groups were the most suceptible to changes in 
profile as a result of the changes in weights. 

The weights applied to Groupal D possessed some trends similar 
to those for Groupal C in terms of irregular patterns of convergence, 
decreasing numbers of iterations for increasing weights, and. decreasing 
homogeneity for increasing weights. The trends however, were not as 
strong as for Groupal C, the inconsistency due to the initial assign- 
ment of skills and group sizes which were based on subsets of overall 
ellJgibiaiities. Groupal D results displayed a weak trend of decreasing 
eligibilities for increasing weights. 

The profiles of the final groups produced by Groupals G and D 
were dissimilar, making clear that these algorithms produced quite 
different sets of groups. 
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Single and MultltLLev Usage o£. Skills 

Three different data .sets were used to compare the effects of 
single usage of skills andcmultiple usage of skills. Although each 
involved different-: proportions of eligibility, separate skills 
eligibilities in^each set were fairly uniform. As a consequence of 
these uniformities the difference between the greatest eligibility 
and lower limit of the corresponding group size always failed to ^exceed 
the next greatest eligibility. Therefore in the tests on Groupals 
A and C, no skill vwas selected more than once. Consequently , no 
information was obtained on the differential effects of single and 
multiple usage of skills for Groupals A and C. 

Because Groupals B and D assigned skills on the basis of 
greatest eligibility within each group, the same skill was found to 
be assigned more than once in every appltcatlon of the multiple usage 
option. In all comparisons of single and :miltiple usages with 
Groupal B, single usage produced fewer omissions but multiple usage 
produced slightly more homogeneous groups. Groupal D also tended 
to assign skills more than once, to yield fewer omissions for single 
usage, and to produce slightly more homogeneous groups for multiple 
usage. This trend however was weak. 

Group Sizes 

Typically the number of groups and the sizes of groups are 
inversely related for a fixed number of students, and so in these 
cases it is difficult to attribute changes in final groupings to the 
effects of group size rather than to the numberof groups. However, 
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In thi8 set of tests, the number was held constant anscthe sizes of 
the groups altered from 25-30, 25-30, 25-30, 15-20, 5^10, to 30, 25, 
20, 16, 15 to five groups each of size 1-99. The three sets of sizes 
therefore Involved range, exact and unconstrained spesdSicatlons. 

The critical Influence oif- the lower lllmit of :cS& group size 
was again experienced when the effects of different gxanp sizes on 
the final groupings were examined. In the unconstrsiaffid case (1-99) 
and with Groupals A and C, the skill with the greatest eligibility 
was assigned to groups until the difference between the lower limit 
of the first group (1) and the highest eligibility became less than 
the second greatest eligibility. CdSI»««a«ly, in tite case of exact 
slaes, the increase In the lower limit prom 25-30 to T>0-30) tends to 
prevent the multiple aaadgntnent af akilOis because thecdieiarence 
between the lower Umit and: the greateBrCr^eligibility tCBnaB^ not to 
exceed the second greafeeart (eligibil±ty, ias was the case with the data 
set 1. 

As a consequence of the multiple assignment of rfcillls in the 
unconstrained case the number of omissionB.:±ncreased, irhese students 
being ineligible for the much reduced set of skills assigned. As was 
to be expected, the removal of size constraints resulted in more 
homogeneous groups, although these gains were slight. This was also 
the case when group sizes were expressed exactly. 

Similar trends in homogeneity were observed for Groupals B and 
D. However, the specification of exact sizes resulted in more 
omissions because of size constraints particularly for Groupal B. 
This was a consequence of the decrease in the upper limit of two of 
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the larger groups (e.g. from 25-30 to 25-25) and the multiple assign- 
ment of skills to groups. 

Numbers of Groups ^ 

All four algorithms showed a trend to yield fewer omissions 
for increasing numbers of groups. Groupals A and C consistently 
yielded less omissions than either Groupals B or D. 

Algorithms A, B and C all showed a trend to produce more 
homogeneous groups for increasing numbers of groups . Groupal D behaved 
exxatically* perhaps because of the influence of the large number oE 
omissions. 

Methods of Selecting , Seed Points 

Groupals B and D both possessed the option of user specifica- 
tion of seed points. The effects of the algorithmic selections of 
seed points were compared with the effects of (i) random selection, 
(li) systematic selection, and (iii) teacher selection of seed pointa 
Systematic selection involved the selection of the first five students 
in alphabetical order as seed points. 

The analysis showed that for data set 1, multiple usage and 
five groups the proportionate division method of Groupal B yielded less 
omissions (zero) than any other method. The proportionate division 
method also produced the most homogeneous groups, although this 
advantage over any other method was small. It was also observed that 
the distances after the final iteration ranged from 133.675 for a 
random selection to 139.034 for Groupal B's selection, a difference of 
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4%. These results suggest that the local optimum produced by 
Groupal B may be a good approximation of the global optimum. 

The inclusion of skills eligibilities as student characteristics 
in Groupal D distorted the trends reported above for Groupal B 
because the proportionate division produced the least horaiogeneous 
groupings and the modal number of omissions. This unpredictable 
behavior of Groupal D, characteristic of its performances throughout 
the evaluation, is a direct consequence of the inclusion of skills 
eligibilities as student characteristics and their exclusion in the 
measurement of homogeneity. 

Extreme Student Data 

The inclusion of two opposite and extreme vectors of student 
scores had a minimal effect on the omissions and homogeneity of 
groups produced by Groupals A and C. Groupals B and D were more 
susceptible to the inclusion of the extreme scores because of the 
change in range between the two most distant students, the consequent 
change in seed points and the resultant formation of different initial 
seed points. The initial group memberships are very influential in 
determining the skills assigned to groups. 

Varying Proportions of Eligibility 

In a series of 16 tests run on four sets of data. each with a 
different proportion of eligibilities it was noted that all algorithms 
showed a distinct trend to yield more omissions as the average eligibil 
ity decreased. Groupal A produced the leaat omissions for all data 
sets. 338 
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Groupals A, B and C each showed a distinct trend towards decreas- 
ing homogeneity for decreasing average eligibility. Groupal D again 
performed erratically. 

Some Tentative Trends 

Although the testing program designed for the evaluation of the 
four algorithms was intended to be comprehensive and representative 
of realistic grouping situations, it nevertheless was a small sample 
of such situations. This observation particularly applied to the 
series of tests designed to determine the effects of different 
elements of the process. Accordingly, any findings can only be tenta- 
tive and may very well be. data dependent. Despite these limitations 
several strong trends in the results produced by the algorithms 
wer<B noted. The following list of trends is based on the 
results of the testing program. 

(i) Groupals B and D were the most unstable of the algorithms, 
primarily because of the assignment of skills on the bas4.8 
of subsets of eligibilities. Groupal D, which included 
weighted skills eligibilities as student characteristics 
was the most unstable of all algorithms because of this 
influence of weighted eligibilities, 
(ii) For Groupal C (really Groupal A with weighted skills 

eligibilities included as student characteristics) the 
number of iterations and the degree of homogeneity varied 
indirectly as the size of the weights. The rate of decrease 
in homogeneity declined rapidly for weights greater than 2.0. 
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(iit) Convergence occurred in all tests for all algorithms, ; 

distance decreasing continuously in Groupals A and B but 
not in Groupals C and D. 
(iv) The multiple assignment of a skill to groups in Groupals A 
anS C vas dependent upon the distribution of eligibilities 
and the lower limits of the group sizes. Groupal B was 
better designed to yield multiple assignment of the same 
skills. 

(v) The removal of size constraints resulted in slight improve- 

ments in homogeneity for all algorithms, 
(vl) For all algorithms, the number of omissions was indirectly 
related to the number of groups, 
(vii) For Groupals A, B and C, increasing the number of groups 
increased the homogeneity of the groups, 
(viii) For Groupal B, the proportionate division method of select- 
ing seed points was the most effective of the methods 
compared in yielding the least omissions and the most 
homogeneous groups, 
(ix) The inclusion of extreme scores had only minor effects on 
the groupings produced by Groupals A and C, but the group- 
ings produced by Groupals B and D were more susceptible 
to extreme student characteristics, 
(x) For all ^algorithms, the number of omissions was indirectly 
related to the average eligibility, 
(xl) For Groupals A, B and C, homogeneity decreased with decreas- 
ing average eligibility. 
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Comparison of Teacher Generated Groupings With 

Computer Generated Groupings ^ 

Three different groupings were jpaade on which to compare the 
effectiveness of a teacher grouping procedure and Groupal A. 

The first grouping, based on four skills of the Study Skills 
component of the WDRSD program, produced inconclusive evidence in as 
much as identical sets of groups were produced by the two procedures. 
This peculiar result is explained by the complete lack of overlap in 
student eligibilities for the two skills selected by both procedures. 
The nature of the teacher specified grouping constraints precluded 
any other possible grouping. 

The second test involved forming groups based on five skills 
of the Comprehension component of the WDRSD program^^ T^ computerized 
grouping procedure produced slightly more homogeneous groups than 
did the teacher grouping procedure. Both procedures produced an equal 
number of omissions. The small improvement in the homogeneity of 
the groups produced by the computerized procedure (a 4% improvement) 
can be explained by the very low average eligibility (1A%) of the 
data. This low proportion of eligibility restricted the number of 
relocations possible and hence the degree of homogeneity produced by 
the computerized procedure. 

Consequently, the groups produced by both procedures were 
very similar; that this was so is indicated by a high agreement 
ratio of .898 (the agreement ratio compared the number of students 
pieced into the same skills groups to the total number of students to 
be grouped). A phi coefficient of .893 was also obtained, this 
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indicating a strong aflsociation. As well as these statistical 
comparisons the profiles of the groups in each set appeared similar. 

The third test provided conditions more conducive to an exam- 
ination of the comparative effectiveness of the two grouping proce- 
dures. The test was tased on four topics of the DMP program and 
possessed an average eligibility of 38%. The teacher procedure pro- 
duced one less omission than did the computerized procedure, the 
extra omission being caused^, by one group exceeding _its size con- 
straint and the consequent selection of a student for relocation who 
was ineligible for any other skill. 

The computerized procedure produced much more homogeneous 
groups than did the teacher procedure. The considerable improvement 
of 33% was due to the greater proportion of eligibility and the sub- 
sequent greater number of relocations possible. Consequently the 
two groupings showed less similarity, as was indicated by an agree- 
ment ratio of .'568 and a phi coefficient of .601 indicating only a 
moderate level of association. These indications of a moderate 
association are supported by an inspection of the group profiles 
produced by each of the two procedures. The profiles of the teacher 
generated groups were noticeaV / unifom whereas the profiles of the 
computer generated groups were noticeably varied, indicating the 
possibility of basing instructional prescriptions on the strengths 
of the student characteristics possessed by these groups. 
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Although it is difficult to make generalizationabased on the 
compariscas reported in this section, it appears likely that the 
computerized grouping procedure will produce more homogeneous groups 
than a manual procedure. This trend is likely to be more no tic: -ble 
where the proportion of eligibilities permits the formation of 
useful groaps« 

Teacher Perceptions of the Computerized Procedure 

Following the tests on the comparative effectiveness of the 
teacher and computerized grouping procedures, the five teachers of 
unit 4 responded to a questionnaire (Appendix G) designed to deter- 
mine whether these teachers considered the computerizedprocedure 
as being more efficient^ in terms of time spent* on the grouping 
processjthan their manual procedure. Teachers' perceptions of the 
success of the computerized procedure in taking into account realistic 
contrainta and relevant learner characteristic^! were also sought. 
Respondents rated the importance of varjLous features of the computer- 
ized grouping procedure and also the success which they perceived 
the procedure had in providing these features. 

None of the features and options provided by Groupal A were 
considered unimportant by teachers. Ten out of the twelve options 
were considered very important or important, the least important being 
requests for groups of exact sizes and for groupings not based. on 
eligibilities for skills. Overall, the computerized grouping 
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did not receive top ratings for Its perceived successes In achieving 
features considered Important* However, no feature possessed by 
the computerized procedure received less than a median success rating over 
all respondents. i 

All aspects of\using student characteristics to maximize the 
homogeneity of groups a^d the use of group profiles in making instruc- 
tional prescriptions were considered as important. Respondents 
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however consistently gave^ only median ratings to the computerized 
procedures success in providing homogeneous groups based on relevant 
student characteristics. Ml aspects of minimizing omissions and 

\ 

providing information helpful in the subsequent placement of these 
students were also considered very important. Again, the computerized 
procedure's perceived success in minimizing omissions and providing 
alternative recommendations received only median ratings. 

The computerized grouping procedure was perceived to be much 
more efficient than a manual procedure and more efficient than current 
WIS-SIM procedures. 

The teachers' perceptions of the computerized procedure were 
based on a 45 minute introductory explanation of the procedure and 
an examination of the print-outs in the comparison of the teacher 
and computerized procedures. The inadequacy of this preparation 
was borne out by the inaccurate perceptions of some respondents in 
attributing features to the computerized procedure which it did not 
possess and conversely, in not recognizing features it did possess. 
Such observations tend to lessen the confidence which can be placed 

1r the information collected on teacher perception^. 

^ „ 
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Recommendations 

The recommendations which follow refer to future applicatioiis 
of the computerized grouping procedure developed as part o£ this 
study. Recommendations are made in the areas of: 
(i) modifications to existing features, 
(ii) inclusion of new features and options, and 
(iii) evaluation. 

The significance of the research undertaken in this study was 
partially supported by the need to provide more efficient and more 
effective procedures in the formation of groups for instructional 
purposes. ^ It is this need and the desire to make the procedure 
more flexible which motivates the following recommendations. The 
recommendations refer primarily to Groupal A, the algorithm selected 
as being the most efficient. 

Modif ication^ t :o Existing Features 

Efficient and effective applications of Groupal A require a 
selection of skills which contains sufficient eligibilities to make 
possible the fulfillment of the user's requests. Therefore, a summary 
of eligibilities for those skills requested should be available. 
This information is available in the Skills-Eligibility Profile, 
one of the WIS-SIM reports. Alternatively, this initial information 
may be made available as a preliminary print option in Groupal A. On 
the basis of this initial information, a decision can be made by 
the user (or the program) whether to continue with the grouping. 
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. :pc» 't • VI i • Alternatively, the main print option, the set of 
group profiles, may be extended to contain records of students' 
characteristics. These considerations lead to the following recommen- 
dation. 

Recommendation 1 . Separate print options should be available 

for 

(i) a summary of skills eligibilities, 
(ii) listing of student records, either in raw score or 
standardized, form, 
(iii) group profiles expanded to include individual student's 
characteristics. The groups referred to include the 
omissions group. 
These should be the only print options provided. 

The assignment of skills to groups directly effects the number 
of omissions. The selection of skills on the basis of greatest 
eligibility does not take into account the pattern of eligibilities 
across students* That is, it does not consider overlapping eligibili- 
ties where the one student is eligible for more than one skill. 
Only one basic process of assigning skills was used in this study and 
consequently little can be said of its comparative effectiveness. 
An alternative method is to select skills in the order of greatest 
single eligibilities, these being the number of students eligible for 
a particular skill and no others. Size constraints could be applied 
as a 1-1 correspondence between sizes and single eligibilities, both 
arranged in descending order. This is but one alternative which 
nevertheless prompts the next recommendation. 
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Recommendation 2 ; Various heuristic methods for assigning 
skills to groups should be compared within the franiework of Groupal A 
to determine a more effective method of minimizing omissions. One 
method should be the greatest single eligibility method. 

The influence of the lower -size limits of groups even when 
sizes were unconstrained, was seen as critical in the mtiltiple assign- 
♦ ment of skills to groups. To be assigned again, the difference 
between the eligibility of the skill already assigned and the lower 
limit of the group had to exceed the next greatest eligibility. 
This is the only function of each lower size limit. Results obtained 
from this procedure are, of course, data dependent, but the procedure 
itself seems rational and worthy of further implementation. Neverthe- 
less, the unsatisfactory results in the unconstrained case require an. 
alternative to the skill selection process for the multiple usage 
option. This alternative could involve single eligibilities (as in 
Recommendation 2), skills being reassigned if the difference between 
the greatest tvo single eligibilities is greater than the lesser of 
these, and so on. This is but one .alternative which leads to the next 
re commenda t ion « 

Recommendation 3 ; Various methods for assigning skills as part 
of the multiple usage option should be compared within the framework 
of Groupal A. One method may be the greatest single eligibility method. 
Because of the possible unfamiliarity of users with standardized 
scores it may be useful to report mean, student characteristics scores 
in raw form. Consequently the following recommendation is made. 
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Recongnendation A . The option should be provided for the 
reporting of student characteristic scores in either original score 
form or standardized score form. 

No recommendations are made concerning the proportional division 
method for determining seed points^ the local optimization methci, or 
the rule for relocating students when size constraints are enforcdd, 
because it is considered that these basic elements of the computerized 
procedure are appropriate* 

Nev Features and Options 

Although oiiiji*^ one selection of seed points by teachers resulted 
in less homogeneous groupings than did the proportional division 
method in Groupal B, the provision of the option of permitting user 
specification of seed points enhances the flexibility of the procedure, 
allows the user more direction in the grouping and may be of use 
where some students can be identified as being representatives of 
groups of similar students. Consequently the following recommenda- 
tion is made, 

R^commetidation 5 . The option of user specification of seed 
points should be provided. 

Although the weighting of skill eligibilities did not improve 
the effectiveness of Groupals A and B, it did suggest the possible 
utility of Weighting student characteristics. The selection of the 
characteristics to. be weighted and the size of the weight: would be 
at the discretion of the user. Although weighting of variables is 
somewhat controversial in the clustering literature its provision in 
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the grouping of students like the specification of seed points may 
provide for more user direction in the grouping process and more 
flexibility in using the procedure. 

Accordingly, the following recommendation is made. 

Recommendation 6 . The option should be provided which permits 
the Weighting of student characteristics. 

The following two recommendations are made as a result of 
being considered by teachers to be important features of a computerized 
grouping procedure. 

Recommendation 7 > An option should be provided which permits 

selected students to be placed in the same group. 

Recommendation 8 ; An option should be provided whereby selected 
students can be excluded from the grouping. 

Recommendations 5-8 do not affect the basic structure of 
Groupal A, but rather increase its potential usefulness and flexibility. 
The remaining recommendation does not refer to 'the design of the 
procedure, but to its evaluation. 

Evaluation 

Neither the reliability nor the validity of the findings 
reported in this chapter have been clearly established. Although the 
testing program attempted to be comprehensive, the tests of the 
effectiveness of procedures and the tests of the effects of different 
elements in the grouping process lack in generalizability and the 
results are conditional upon the testing situation. Consequently, a 
more comprehensive evaluation plan is required to test the effectiveness 
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and utility of the computerized grouping procedure. Therefore the 
following recommendation is made: 
Recommendation 9 ;. 

Desirable features of a subsequent evaluation include: 
(i) Testing of the effects of different elements of the grouping 
process should involve simulated sets of data for eligibili- 
ties and student characteristics. These data should 
include low eligibilities, around 20% average eligibility. 

(ii) More extensive computer procedure and teacher procedure 
comparisons should be made over a wide range of grouping 
conditions. 

(iii) The student data should not only relate to learning styles 
but should include other data thought to be useful by 
teachers. 

(iv) User perceptions of the effectiveness and utility of the 
computerized grouping procedure should be sought after 
users have had the opportunity to make extensive comparisons 
between the two procedures. 

Implications 

The methodology developed and implemented as part of this 
^ study has immediate applica1;ion only in those schools served by 
a computerized instructional management system. Such a system is 
WIS-SIM, which has been designed to service the instructional manage- 
ment needs of IGE schools. The implications of this study therefore 
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may be considered in terms of 

(i) implications for the administration of instructional 
programs, and 
(ii) implications for research. 

The aim of the computerized grouping procedure was to facili- 
tate in part the management of individualized programs of instruction. 
Some evidence has been presented that the procedure is likely to be 
both more effective and more efficient than manual or semi- 
automated procedures. As such it can make the attainment of IGE goals 
more feasible and specifically may allow the teacher more readily 
to adapt instruction to differences among students. The system 
" -permits the rapid processing of large quantities of data unmanageable 
by manual means. That the procedure provides this service efficiently 
has been suggested by the results of this study. However, the quality 
of the information provided to educational decision makers remains 
largely unknown. Many questions* arise as a consequence of these 
doubts, which may be read as needs for further investigations of the 
outcomes produced by the computerized procedure. Are the end goals 
of individualized education better met by the adoption of an automated 
procedure for forming instructional groups? That is, are the 
achievements of the students involved improved as a consequence of 
being members of maximally homogeneous groups, when these are based 
on relevant learner characteristics. This basic question has not been 
addressed in this study but should be considered because of its 
fundamental importance, 
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If Indeed a computerized grouping procedure is more efficient 
in terms of lefis teacher time spent on grouping students^ then this 
isaving In time can be expected to result in some organizational and 
operational changes in the school implementing the system. Does the 
frequency of formlng^groups change by adopting the computerized 
system? Do staff spend less time on clerical tasks associated with 
grouping students and more time on planning and instructional tasks? 
Does its adoption cause any role changes? How Is the instructional 
decision-making process affected by the use of the computerized group- 
ing system? Undoubtedly the adoption of a computerized grouping 
procedure wi IX have Implications in these administrative areas. Hope- 
fully > gains in the efficiency and effectiveness of the instructional 
process will be made; but this will only be made clear by a careful 
monitoring and evaluation of subsequent admiilatrative effects. 

The utifizatlon of the methodology developed in this study 
permits the use of large amounts of quantified information. A real 
possibility exists, however, that the measurement of constructs such 
as the various dimensions of learning style may be considered as 
reliable and valid, When in fact those used in this study have not yet 
been shown to possess these desirable characteristics. The computer- 
ized grouping procedure is very much dependent upon the quality of 
the student data for its effectiveness in helping attain the goals 
of the instructional programs. The need for quantified data on 
student learning characteristics will perhaps be reinforced by the 
availability of an automated grouping procedure. 
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Consequently, users must be aware that the real constraints on 
the effectiveness of the scheme are imposed by the relevancy of the 
data and the accuracy of its measurement. Serious implications for 
using such a procedure concern the ability of the instructional 
decision-maker to utilize relevant and appropriate information on 
which to form groups. The selection of factors on which to form 
groups should be based on considerations of parisomon/, relevance and 
discrimination, all of which require truly professional judgments. 
This information may not be readily available in usable form. The 
adoption of a computerized grouping procedure seems to Imply more 
data collection, storage and processing, 

Sound judgments about the instructional process need to be 
complemented by a full appreciation of the various options possessed 
by the computerized procedure (assuming the inclusion of the recommended 
features of the previous section). The effectiveness of the grouping 
is dependent upon a knowledgeable selection of options, for example, 
what weightings of characteristics to use, what seed points to use, 
as well as other more obvious choices as to what skills to request 
groupings on, multiple or single usage of skills and what students 
to place in the same group. Generally, it appears that the computerized 
grouping procedure is more sophisticated than other manual procedures 
and consequently will require a period of adjustment and familiariza- 
tion by potential users. The development of useful documentation and 
inservice procedures; is a subsequent step. An important principle 
to be emphasized to users is that groupings generated by the computer 
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are recommended groupings and are subject to acceptance or modlflca*- 
t ion by teachers, the final instructional decision-makers. 

A computerised grouping procedure is perhaps best provided 
as part of a generalized instructional management system. The 
procedure developed in this study was implemented independently of 
WIS-SIM, but may be considered as an extension of WIS-SIM's present 
grouping system, which does not attempt to form groups in accordance 
with user specified constraints. if the computerized grouping 
procedure is to be implemented as part of WIS-SIM, some integration 
of the two grouping systems would be necessary with the deletion 
of some present WIS-SIM forms e.g. the Instructional Grouping Recom- 
mendation Group Report, the Instructional Grouping Recommendation 
(Summary) Report and the Instructional Grouping Recommendation 
{Omissions) Report (Appendix F) . Alternatively, if these reports are 
retained only one additional report showing the groups formed would 
be required. This report should contain information similar to 
that of the group profiles developed in this study. 

Although the purpose of the computerized grouping procedure 
was to form student groups for instructional purposes, especially 
in the environment of individualized instructional programs, the 
options available as part of the procedure make its application to 
other instructional environments and other non-instructional purposes 
possible. 

The appropriate choice of options may permit its use in programs 
which do not possess a pre-requisite structure. The identification 
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of groups of students with similar exceptional qualities may be possible 
for diagnostic purposes or counseling purposes • The use of the group- 
ing procedure on a school wide basis ^ or district wide basis is also 
feasible in the grouping of students for instructional or non- 
instructional purposes ^for example^ in the assignment of students 
to schools on the basis of shortest distance^ an^ taking into account 
various administrative constraints. The extended uses of the computer- 
ized grouping procedure to non-instructional areas may therefore be 
a fruitful exercise. 

The application of the grouping procedure developed as part 
of this study is but one application of a statistical and computerized 
procedure in the solution of an educational problem, that of 
efficiently and effectively grouping students for instructional pur- 
poses. This first step should now be followed by a pilot test of 
its efficiency and effectiveness and subsequently by a more extensive 
evaluation of its instructional and administrative effects. 
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COMMON SLCARN fWAXLV, «AXSTUli ISKJLL (HflXSK.MAXSTUi , 

♦ NLOW(MA»GPPI • NHIOMfMAXORPI • NO . NSKXUL t NLERi NTOT 
CCHHON /SEED/ nOSKTL (HAXGRPI i SECD (MAXUV^MAXeRP) i 

♦ SOIST (MAXSTUli NSTUNO (MAXSTVJI 
01HEW5X0N XNAME (4|MAXSTUI , VUE *PN t MAXLV i MAXSTU I 
DIMENSJON lOI^AXSTUI 

OJMtNSION XMEANtnaXLVI i X5T0EV (MAXUV I • XVAR (MAXuVI 
OIMCNSXON NUMtMAXSKI . 

DIMENSION NSKNQStHAXSKl iNLVNOStMAXuVl 
INTEGER SKNAMEO.MAXSKI ,LVN AME I 3 i MAXLV I 
DfENSION NplGRP l^'AXGRPl . 
DIMENSION NICI^OSIIOI 
LOOXC»L. INCQM 



INPUT AND CCM(> PAPAMETCR CARDS 

iiRiTr(6iii. 

1 FORMAT (• 1 * I *OPOUPISG ALOORITHH A * i / • 1 X i 20 I • ^ • I | /I 

READ ISi^lNOariSKlLLiNLERtNTOTi ILIHIT 

2 F0R*«ATII2»lXiI2i 1X| I2i IX| T3|6X|IS) 
WRITE I6|3>NG,N5KILL|NUER,NT0T 

3 FORMAT ( (ONUMiirR or ORDUPS REQUESTED ■ •aI2|/i 

1 « h[J^^^F,e^ of SKILLS CONSIDERED ■ t|I2i/f 

9 I NUMBER OF LEARNER VARIABLES CONSIDERED ■ NX2|/ 

3 t NUMF.FR OF STUDENTS ■ •|!3|/l 

IF I ILI'*I''«C<3*0I iLlMlTalO 

READ t5t*lif »Li** 

4 F0RMAT|3ni 
IF(K,E0«n*RlTEI6iS) 

5 FOP'-'ATli ELIGIBILITY FOR SKILLS TAKEN INTO ACCOUNT* I 
IF (K,£C.O| WHITE C6i6l 

6 FOPr'ATCi CLIGIBILITV FOR SKILLS NOT TAKEN INTO ACCOUNT • | 
1FIL.EC-.1)*<PITEC6|7)''. 

t F03M4T(» LEAO\'ER VAOLABLES TAKEN INTO ACCOUNTi| 

IF(L.(:O»0mRXTE(6iB) i t' 
B FOf'^ATCt lEAPMER V»RIABLES*NDT TAKEN INTO ACCOUNT • I 

IF|M«EC*nWRXTE(6i9) / 
9 FORMAT! • MORE THAN ONE GROUP MAY STUDY THE SAHE SKlLUM 
■"■■■■■"'IF CHiiEOvOmHITEIiill l - 

11 F0P«4T|» OI^LV ONE Gr>OUP MAY STUDY A PARTICULAR SKILLM 

RCADtStlOl INLOVCXl fNHXOHtll iXaliNOI 
10 rORHAT (20X21 

WRITE (4il«) (NLOUin pNHIOHlXl iialtNei 
19 rORMATI iCetlOliP RANOES « S10<&I3*2^'I 
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C PiKOt TEST 

00 2D I*l|N9 
H5UHm«5UH*NHTGHa I 

ir iNLOWd) •GT.NHXGMin ) ^^nt (6|16) I • MOW ( X ) • NHI OH ( X ) 
16 roR**AT (* INVALID [)ANGE ORM <J*|l2|t LOW ■ i|I2iS HIGH « *|X2) 

ir iVLOrfl!) »GT,KLOW| WRITE (f-rlB) I • NUOw 1 1 1 , KLOW ' 
IB FO??*'*iT (• SEQUENCE EHROR OPR >i»,I2|« CUHRENT LOW « 
1 I?»«» PREVIOUS LOW a Slg) 

20 CONTINUE 

.lP|NTOT,OT,M5itM,OR,WTOT,UT,NSUH|WRXTEi6,30)NTOT 
30 FOR*^ATI> RANGE SIZES 00 NOT C0RPE5PONQ TO TOTAL NUMBER OF STUQCN 
1 ' »X3} 



C fEAO IN SKILL AND LEARNEPf VARIABLE NAMES 

READ tS.lO) IMSKNOSIII ilaliNSKILD 

WRITE 16 lies) INSKNCSfU ilaliNSKILL) 
IBS FO«wftT fOSKlLLS CONSIDERED ■ »,20I3) 

READ ISilO) IHtVNOStn ilaliNLER) 

•'RITC t6il97) (NLVfJrStll ilatiNLER) 
ler FO^*^aT i »0LEAONER VARIABLES CONSIOERED « i»2CI3I 

DC 170 I*1|NSKILU 

I'-EAPtSiieOj (SKNAME(JiX» »J«1 ,3) 
IBO F0O^ATI3A6) 
170 CONTINUE 

DO ITS I>1 iNLER 

PE^DtS.ieO) iLVNAHE(JiI) iJsl ,3] 
ITS CONTINUE 



WOITE J6, 14) 
1* FORMAT t 'Oi I t STtiOENT RECOROSt) 

WRITE«6,17) 

17 FORHAT|iO», 9y,»STl)DENT NAME*i9X|i VL VN AC AN KT SI SOf( 
1* EO EN SO SM SEX*f* 123A567a 91011121314 1/1 

c : •» — •« — . 

C WtV'D iw STUDENT RECORDS 

00 15 Is] iMTOT 

RE AO IS il?) ID I X) • (XNAME (J| X ) • J«l t (VUEARNUi X) • Jali 12) • 
1 (ISKItt^UiI) » J>li 14) : 
12 FODH*7n<»ilX|*A6|2X,9r2»0,P3,lil)(|F2»0|ri,0,lXfl4Il) 

wnXtiUi 13)10(1) • (XNAHEtJi I) f J«l»4) I (VLCARNlJill ,U«l»12) » 
1 1 !^AXLL( J» I) • Jail 1*) 



O 

OD - 



I 



13 ron»fATu5,i«.4*i,»r4.o,rft.i,ix,M«o.«ic,r».«»ui8> 

106 1ft CONTIMUC 

lot 

loa _ 

}JJ c '*"*LEFT^JlisTIFY SELECTED SKILLS AND LEARNER VARIABLES 

III DO ZSO I«liNTOT 

llJ 00 220 n»l iWLER 

113 KK«NLV»*0S|1 II 

jr IL«EQ>0) VL£ARN(kKiI )«0«0 

|j5 220 VLE4<?NIIIiII«VLEARNlKK,Xl 

Hi DO 2<*0 II>1iN<:KILL 

117 KKMSSKPtoOSlII) 

lit IF (K.EO.OI iSKlLLIKKiD-l 

119 2^0 IS'*lLLIIliII"lSKILL««K|II 

120 250 CONTINUC 

\Z\ * 

122 ^ ^ ^ ^ 

c """"calculate mum^cq or stuoents elioiole for each skill 

130 FOP»-flT I'lOWU-qEP or STUDENTS ELIGIBLE FOR THE rOLLOWiNO SKILLS • 

J27 DO :*0 jsiliNSKILL 

X28 NUMJJ»«0 

J29 no ISO lal.NTnT 

130 NUH ( J> BNUHIO) ^ISKILL I Ji Z ) 

131 160 C9NTISUE 

132 WRITE < 6, 160) (<;KNAME( II, J) ,IX«1 i3) iNUHU) 

133 160 rO«H*T llX,3A6i> — 'iI3> 

134 1*0 C0KT2NUE 
13S 

1 36 ^ ^ J.^ . 

{3^ C clLCULATrHEAWrVARIANCE.'sTD^ OF EACH LEARNER VARIABLE 

}JJ 70 FORMAT 't'o°l»» LEAPNER VARIABLES - MEAN, VAR. AND STO. DEV. •••• 

141 00 90 leliHLEo 

142 SU"SO50,0 
|-43 SU"«0.0 

144 kN«G«0 

145 00 flO J«l,NTOT 

1^^ IF ( VLEAO^iC X I J> .LTaO) CO TO BO 

147 5UMsSuH♦VLEAR^M 1 1 J) 

14g SU^'SObVLEARNII, Jl ••2*SUMSQ 

14^ XNeXN*.l« 

1«10 60 COnTIMjE 

151 IF tXN .LT. 0.3) XNeliO 

i*2 X»<EANI I)«SUM/<1^ 

t.3 xVAR(X)»AeSl)(N»SUMSG-SUM*«2)/UN**?) 

1«4 XSTOEVIllaSODTdVARlin 

: 90 WRI TE { 6 , 1 00 M LVNAHC U , !> . J- U 3 ) . >«HC AN ( IJ , XV AR 1 1 ) , XSTOEV « 1 1 

JjJ 100 rORHATI- •.3*A,» HAS hEAN « • ,r6. 2 , tX » • V AR . ■ • , F8 .2 , 2X , « 50. • ^ 
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15* 

isa 

U9 

. Ui 

1*3 

US 
146 
167 
16B 
169 
ITO 
ITl 
17» 
1T3 

nh 

ITS 
1T6 
ITT 
ITS 
1T« 

lao 
les 

182 
163 

ia<> 
les 

166 
167 
169 
109 
190 
191 
192 
193 
19«» 
195 
196 
19T 
199 
199 
200 
201 
202 
203 
804 

tos 

t06 

aoT 

»06 



liF6,a) 



MJS5IN0 0*TA 
DO 200 isliNTOT 
DO 210 jsl iNLER 

Xr ( VLEAQN( J, n .GCaOkGO TO 210 

VL£ARN| J, n bKMEANI J) 
210 CONTINUE 
200 CONTINUE 



STANOAPOXZE STUOtiINT VARIABLE SCORES 
DO 95 J»l ,NTOT 
DO 97 lBl,NLER 

IF (XSTDEVm .LT, 0»000l> OOTO 96 

SLEAt^Nt I , J) K( VLEAPNf X • Jt-XHCANI X U/XSTOEV (X) 

GOTO 9T 
9A SLEARn ( X I Jl B^^^EAN { I I 
97 CQf«*TXNUE 
95 CONTINUE 

WPXTP (6i?l4) 

21*. rORMftT C»D STANDAPDl2fD LEARNER VaRXABLES o»«iJ..^ ^ 

DO 215 I«l ,NTnT 

21S WRITE C6,216» ID(I>( (XNAM^i J,I) i Jal , (SLEARN( J, I ) , J«l jNLCR) 
21^ f OPVftT ( l5,lV,4A6.1«ilf 6,21 » 



ALLOr^ATE SKILLS TO ©ROUP BASED ON LARGEST NOi ELIGIBLE 
DO 350 I«l |NG 

00 310 XI«1,NSKILL . 
XF tNUMClX) .LE.MAXI GOTO 310 
NSKsI I 
MAXsK^UH (XX) 
310 CONTINUE 

IF (MAX .Ge .NLDU ( I 1 1 GOTO 330 

WRITE (6|3201 I (NLCWC 1} ,HAX 
320 roRHaTltOLOWfiR LIMIT OF GROUP ••iI2i» ■ •il3i 

^ I XS GREATER THAN M OF STUDENTS ELIGIBLE- • ••13) 

NL0W( n«HAX 
330 NUM(SSK)aMA)(-NLOWa) 

N6SKXL(X)«NSK 

XF IM.EQ.O) NUHINSK)aO 
3S0 CONTXNUC 

WQXTE (6i35l ) CNGSKXL (I) iJal iNQ) 



O 



ERIC 



3fl foAHAT POSKlLtS AtSlft^O TO ftROUPS - » •I0X3> 

til . _,,nu--^ 

C ""^CflLCULftTC SECO POINT FOR C*CH OBOUP 
91* 00 *00 XBlfMSKlLU 

lis 

(16 KOUNTsO 

2\1 DO 360 ZlBliNB 

2|a ir INGSKILdZI •HE.ZI OOTO 360 

9|« KOUNTbKOUNT^I 
S^ft NONObIX 
360 CONTINUE 

t»2 

IF IK0u^T•EO•0) GOTO ^00 
M4 ir |i<OUKT*EO«l> OOTO 3T0 

f9S CALt SEEDVIII 

f96 GOTO 400 

jl9« 370 00 390 JaliNLER 
XW«0. 

230 SUM»0, 

231 00 380 II»liNTOT 

232 \r IISKIl.LiXiTXI*EO,0) OOTO 3B0 

233 XNaJCN-X. 

234» SJMsSUM4SLCARN(JiXIt 

235 38'* CONTI*»UE 

236 390 SCEOUiNGNO|sSUM/X?l 

237 *00 CCNTISUE 
93« 

239 

240 C 



2^1 C OUTPUT GROUP MEANS 

PDIST«0»0 
t43 KKKcO 
2*4 ASO CONTINUE 

•4ft . tan:TE (6t«10) 

2t,% AlO rORf*AT l»0 MEAN Of EACH OROUP »••») 

DO *?0 I«liNG 

24, *20 WflfTTE |6|A30I IttSEEOJJiI>tJ«l»Ni-C») 

24, 430 FORHATd OROUP I* * > t & 1 1 3 ( F 7 • 3 ) ) 



290 
2«1 

292 C 



C ASSIGN StUOCNTS TO SECO POINTS 

954 TOISTaO.O 

999 TSSWaO.O 

t«ft WRITE l6iA70> 

Siy 470 FORMAT l»0 STUDENT OflOOP ASSIGNMENTS ••»•) 

9SK 00 900 |«l»»»T0T 

9«9 NtTUNOIXI"0 

960 00 490 J«k»N6 
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9^1 NSKsNOSKII. (J) 

X«0I5T (9LC*RN(l,Il.SCC0UtJ)tHi.CR) 

•-4 ir (NSTUNOin .co»0) ooTo 

j^S IF U,OT»XD|ST) 60T0 4»0 

X0I5TXX 

26T NSTUNOCI)«J 
2i(t 490 CONTINUE 

IF (N5TUN0I1) .EQ.O) XOXST-0.0 
fTO 50I5T C I J "XOIST 

271 TOI5TbT0IST*KOIST 

272 TSSWaTS5W*X0I5T»«2 

?T1 500 CONTINUE ..t«t» 

2?4 WRITE «6.495) J J , ^^STUNO [ 1 » , SO I V ^ ^ "J^I cr • r« »i J 

afT4 

217 ^. . 

270 C —————-—-—--•■•"••■*'"'"'"■""*'■**"■"""""'"■"'"*''"'"""'""'' 

C COMPUTE MEAN AND V»R. OF ALL GROUPS 

200 00 600 J«l|N6 

DO 590 I«l,NLCR 
292 SUM»9.0 
243 XNxCiO 
204 DD bbO II»lcNTOT 

IF (NSTUNO( IIJ .NE.J) GOTO 580 

SU^*bSUM«5LEARM I X 1 1 1) 
28T XN=XN*1, 
268 5B0 CONTINUE 

209 If tXN ,LT. O.SJ XNnl.O 

290 SEEOtItJJ«SUM/XN 

291 590 CONTINUE 

292 600 CONTINUE 

"J IF (KKK.EO.O) V»TOrsT 



295 
296 
29T 
299 



IF IKKK.Nr.O) V«ABS(TOIST-.POIST| 
KKK»KKK*l 
POISTaTOlST 

XMSSWaTSSi</FLOAT |NT0T-NG) 
yniTC (6»620: X.:'<»T01ST,V,TSSW.XHS«W 



I'o 620 FORMAT I'OFon ITERATION «»,I2,» TOTAL DISTANCE • '.FT. 3, 

'ft, 1, yhlCH OIFFEMS FROM PREVIOUS BY •,fy,3i 

II' 2 /,5X, 'TOTAL SUM OF SOUARl^S WITHIN « •.r8.2t 

3 MEAN SUM OF SQUAPES WITHIN • tfFT.a) 



IP IV.GT^O.OOl .AND. KKK.Ue.IUlHiT) GOTO A50 
305 

306 ^ ^ 

0UTPUT*DMISSinNS AND ND, IN EACH OPOUP 

DO 630 J"WNG 
310 630 NINQP^JJ)»0 

DO 640 I«liNTOT 
3j2 jJvNSTUHOd) 



3|1 Xr IJJ.EQ.O) eOTO 4*0 

3lS MO CONTINUE 

31« wqZTE (6»655l 

Jl? 6SS FORMAT (tOGPP tl SKILU No. IN GROUP M 

Mim WRITE I6ff660) I Jf NOSKIUI J> «NZN6RPIJI »J«X »N0) 

3tV 660 FORMAT ( X <• » 4X » X* 98X » 14) 

321 C . 

C CHECK FOR GROUPS OVERLOAOEO 

929 ASSXGN 670 TO {RCTN 

9«« ZNCOMBpFALSE. 
3t5 NOTYPEbO 

926 670 CONTINUE 

927 00 67S jalfNQ 

92« xr (VXNGRPtJI .OT.NHZOHfJM GOTO 677 

919 *75 CONTXNUE . . 

330 GOTO 800 

931 

392 

399 C • «•"- — — — - 

£9« C COMPUTE OXSTANCES ANQ FZNO FARTHEST STUDENT XN OVERLOADED GROUP 

935 677 CONTINUE 

99* X-0.0 

93T X)t«0 

939 00 68S jaliNG 

939 If INlNGRPt J) .LE.NMXGHtJ) > GOTO 68S 

940 00 680 X«l f NTOT 

941 XF rNSTUNOl X ) .nE. Jl GOTO 660 

342 SOXST(X)>OXST ; SLEARN ( 1 » Z I « SEED ( 1 » Jl r "LER I 

343 IF (SOXSTtZl .LT.XI GOTO 680 
34% XbSOISKII 

34S XXsX 

34« 680 CONTINUE 

3*7 686 CONTINUE 
348 
34* 

3*50 C — 

3C1 C FINO ANOTHER GROUP FOR THIS STUDENT 

352 69« CONTINUE 

353 VbQ.O 
394 lY-Q 

355 J»NSTUNO(TXI 

356 00 700 Jjsl ,N0 

357 IF (J.EO.JJ) GOTO 7ft0 

358 IF (NiNGRPtJJl •QE.NHXGH(JJM GOTO 700 

359 NSKsNGSKlL(JJ) 

380 • IF IISKILL(NSK»IX|.EO,0| GOTO 700 

381 

382 C * CHECK FOR ZNC0HPATZ»Le5 IN SAKE OROUP 

383 IF (.NOLINCO"! ttOTO 808 

384 00 695 ZZ-1»NIC 



374 



375 



36$ laNlCNOS(Xl) 

IF II.CO.SX) eOTO 695 

367 CNSTUNOll) .EQ.JJI GOTO 700 

3«« ti9S CONTINUE 

369 690 CONTINUE 

370 YY«OrST iSLEAONIliIX) iStEOdiJJ) »NLER) 

371 If irv.Ne.O tANO. YV.OT.Y) .GOTO 700 

372 IVcJJ 

373 v.yy 

374 7O0 CONTINUE 

375 llVtNEiOl GOTO 750 
37* 

377 

370 C — — — — — — 

379 C CANNOT MOVE - SO PUT IN OMISSIONS 

3«0 «iR]TE 16iT2o) IX|J 

3«1 720 rOP^^^T (»3 STUOENT «*»iI3|i HAS BEEN bOOTED OUT OF ORP 

382 MQITE I6i7l0l 10 1 1 X ) > I XNAme 1 1 1 1 IX ) 1 1 Xa 1 i <») • J 

3t3 710 FO»»<AT ( IS, IX ,4A6i * HAS BEEN REMOVED FpOM QRP #•,12) 

3ft4 NSTUNO t J a- |M0TYPE*J) 

365 SOlST{IX>aO,0 

3e6 NInGPP ( J) aMlNQRP I J) -1 

3ft7 GOTO 760 

318 ' 

389 

390 C 

391 C »<OVE STUDENT AND RECOMPUTE GROUP HEANS 

392 T50 CO^'TINUE 

393 HPITE 16|75S1 IX, J, lY 

39i» 755 FOP-AT <»0 S TUDENT. K • , 1 3 , » IS TO BE MOVED FROM GRP 

395 I :ai ♦ TO GRP »• , 12) 

396 NSTONO I IX ) KIY 

397 NINGPP t J) aNlt^GRPi J)-l 
396 NIfjGPPlI Y)i(MlNORPI lY) 
399 

400 DO 790 JJ«1,NLER 

401 SUM30 • 0 

402 XNsO.O 

403 DO 780 I«1#mT0T 

%04 IF (f»STUNOf 1) .NE.IY) GOTO 780 

>g SUM «SUM*SLEARN ( JJ, I ) 
XHcXM«l«0 

607 780 COMTINUE 

408 SEEO(JJ,XYr SUM/XN 

409 790 CONTINUE 
410 

411 760 CONTINUE 

412 DO 775 JJ*1,NLER 
♦IJ SUM«0,0 

414 XN«O*0 

415 DO 770 X-UMTOT 

416 IF (NSTUKQII) ,ME, Jl GOTO 770 

45 



EKLC 



I 



•IT 

*8t 
*«2 
•S3 
•»* 

OO 
*3l 
*3I 
*33 
•3* 
*35 
*3* 
*3T 
*3» 
*39 
4*0 
4*1 
4*2 
**9 
4*4 
445 
4** 

4fcr 

4*9 
4S0 
*S1 
4S2 
4S3 
45* 
4S5 
456 
457 

459 
khO 
4«1 
462 
463 
4«4 
4^65 
466 
467 
466 



770 COMTINVC 

SEED( JJ,JI»5U**/KN 
775 CONTINUE 



RECOMPUTE STUDENT DISTANCES 

TDISTaO.O 

TSSWsO, 0 

DO 740 I«l,NTOT 

soiST (n«o,o 

JsNSTUNOd) 

IF (J.LE.O) GOTO 7*0 

SDXSTIX)*01ST ISLEARNdill ,SEE0OlJ) iWLER) 

X«SOXST|X| 

TD1ST«TDIST*X 

TsswBissw^x^^a 

S0ISTIX)«X 
740 CONTINUE 

XMSS^«TSSW/FLOAT(NTOT-NG) 

WRITE (6i74S) T0IST,TSS«,XHSS« 
7*5 FORHATIBX.tTOTAL OIST, • •,F7,3,' TSS« • » iFBtZ 

GOTO IRETN 



""""process incompatible students in SIMILAR MANNER 
BOO CONTINUE 

IS'CC^x.TU'jE, 

NOTYPE=20 

READ (5»S10|F*^Ob90 0) NlCfNlCNOS 
BIO FORHAT (I2il0l4t 

WRITE (6,615) (NICKOSII) iI«li»^ICJ 
BIS FORMAT M OXNCOMPATIBLE STUDENTS « •»10I5) 

JF (NIC.L€.1J GOTO 800 

00 630 IclfNlC 

00 aSO J»liNTOT 

IF ( XOIJ) .ECNICNOS ( IM GoTOe25 
820 CO'^TX>:uE 

WPXT€ |6i A22} MI CMOS 1 1 1 
622 FORHAT (' NO STUDENT FOR ID ••iI4) 

GOTO 800 
825 NICN0S(II«J 
830 CONTINUE • 

660 CONTINUE 

00 640 J"l iNQ 
KOUHT«0 

00 635 II«1*NIC 
IBNICNOSIIX) 






ERIC 



ir (NSTUNoi X) .Ne,j) eoTo ass 

471 50ZSTtX)»DX5T ( | p X ) pSCCD ( 1 f J) f MLCR ) 

472 «35 CONTINUE 

473 IF (KOUNT.ue-ll GOTO B40 
474 

475 XeO»0 

476 IX«0 

477 00 850 I X«l iNIC 
470 IkNICNOS(XI) 

479 tr (NSTUNOa)«NE,J) GOTO 6S0 

400 IF (S0I5T(I » .LT.XJ GOTO 850 

481 XeSOtSTl X) 

iy«i 

403 850 CONTINUE 

404 ASSIGN 860 TO IRCTN 

409 Goto 69o 

406 840 continue 

407 Goto boo 

400 
489 

490 C — * — . — - — 

K91 C OUTPUT FIN6L TOTALS AND LEAVE 

492 900 CONTINUE 

493 00 950 J»liN/; 

494 NSKsNOSxiLf J) 

495 WRITE I6i9l0) J,tySK, (SKNAHE ( JJ.NSK) I JJ»l |3) ,NINORPt J) 

496 910 FO»HAT (M»i»r,ftOUP «»iI2i»i SKILL f • 1 1 5 i 2X , 3A 6 i / • 

497 1 f NU^BE*) OF STUOCMTS RECOH^ENOEO *iX3i//» 

498 ? • STua I •■STUDENT NAME », 1 QX i • DISTANCE • i / ) 

499 Oo 9<*Q laliNLER 

500 SU>^SO»0>0 

501 SUH«0«0 
502- XMrO.O 

503 00 930 rl«l»NT0T 

504 IF {NsTUNOtin.NE%J) GOTO 930 

505 SUMsSuM*SLEABMJI,lT) 

506 SUMSQaSLr»WNJT|II>*»2*5UHS0 

507 yisi«XK»l,0 

508 IF (I%NFtII GOTO 930 

5 09 SOISTUI)*DISTtSLEAPN(X,III , SEEO U i J ) i NL^R ) 

510 WPITE IS.929) ICtll) I tXNAMEfJJ, III ,JJ»1 ,4) ,50151(11) 

9U 920 FOfJMAT i4,4^,4A6i 5X,F7,3) 

512 930 CONfTINUE 

513 IF (XN .LT. O.S) XN.l.O 

514 XMEANt I) tSUM/XN 

915 XVAR { I ) «*BS I XN«SUHS0*SUM««2 J ✓ (XN»42) 

516 XSTOEV(X)«SORT«XVARtI)) 

517 IF (X.EQ.X) woiTE i6|70) 

510 WRITE (6|100) ILVNAHEIJJiIt , JJ»1 ^3) iXHEANd) ,XVAR 11} ,XSTOeV(I) 

519 940 CONTINUE 

9tO 990 CONTImUC 



C OUTPUT OHXSSXDM ^OVW INOICATC WT 

wmTE (6ff960) 



St7 



940 FOPHAT l»l»r»OHlSSXONS fin0UP»f//i» STOO li*fl2X| 
I (STUDENT NAMF ( I iSXt *RCA50NI |/) 
S2V 00 990 I«l iNTOT 

SjA jsNSTUNO ( t ) 

%jl IF tJ.OT.O) GOTO 990 

S3) IF .(J*EQ*0) GOTO 9B0 

f3f IF t J.LT.NOTYOEJ goto 9T0 

§34 J»J-SOTYPE 

WRITE »6r96S) ID C I i t J **^*"E ( 1 1 1 1 ) • X t»l ^ 
96S rOPMflT a5il¥|AA6lS)(»«R£5<0VE0 FROM «fil2i 
1 » Due TO IN^rvMPATlBlUXTVH 
%^f^ GOTO 990 

•^1 970 ytiVra C^t'OTS) tot ll I CXNAMEI XXiXl iH"li*> |J 

5^5 975 FORMAT » IS 1 1 >t , *A6 iSX i •O'EMOVEO FROM ORP «t,X2i 

1 » DUE TO SIZt C0NSTft*If»T3»l 
GOTO 990 
980 CONTINUE 
SA« 00 l^OC IS«l,^SKlLt 

S47 IF (ISKItt(IS,n*NE,0) GOTO 1010 

S*B 1000 CONTINUE 

949 W«1TE (6,9SS> I D C I ) t t'tNAMg C 1 X 1 1 ) i X X ■ W 4 ) 

550 9ft5 FOHMAT iXS.lK.^AfetSX, 'NOT ELIGIBLE FOtt ANY SKXuLM 

GOTO 990 

592 1010 nS«0 

593 DO 1020 XSBltNSKILL 

554, IF tlSKILLClS.n.eO.O) GOTO 1020 

S55 NS«MS*1 

555 NUK(NS) vSK^AMe (2» IS) 

1ST 1020 CONTINUE ^ , 

WPTTE l^aoaS) IOiniCXNAHEIIIiIliXl«li*)ilMUMCxJ>rJ»%tNS» 
,«„ X025 FOPMAT iIS,lX,<»A6i5>£, "NOT ELIGIBLE FCt? ANY SKXut*, 

5^0 I • SELECTED fiuT • , t ' EL IG I BLE FOR SKILLS •,1SAA> 

54) 990 CONTINUE 

5^2 WRITE f6t995) JJ . 

5^3 995 FORMAT | »aMUMiiEK OT STUDCNTS « t,X3i/f*lM 

9«4 CALL CffXT 



378 



379 



1 
a 

■ 3" ■ 
s 

T 
• 

10 

n 

13 
13 
14 
IS 
16 
IT 

le 

.19 
20 
XI 
22 
23 
2<> 
25 
2« 
27 
20 
29 

30 

31 

32 

^3 

3* 

39 

36 

37 

36 

39 

40 

41 

42 

43 

44 

4S 

4« 

47 

49 

49 

to 

51 
92 



15 
10 



SEED POINT ROUTINE - atHORSTHM A 

su«f90iii: X HE sere V - c msk i — - ; ; 

PARAMETER! MAXS*lP«l5,>«A)tSTU"J20,M*)*SK-lS,MAXLV«lS 

COMMON SLEARN (HAXLV, MAXSTU) i ISKILL (MAXSK .MAXSTU) , 

♦ NUOWtuAXGRP) , NHIOH(MAXGRP) I NO , NSK ILL i NLER , NTOT 
COMMON /SEEO/ NGSKIL CMAJtGRP) i SEEO (MAXLV , MAXO«P) , 

♦ SOIST IMAXSTUI . NSTO><0 CMAXSTU) 
OIHENSION NPAPT (HAXGRP) 



FINO 2-STUOENTS W. GREATEST PAIR WXSE OISTANCE 

N5TU1"! 

rJ5TU28l 

DwAXsO.O 

00 10 l«l iWTOT 

IF tISKlLLCNSK, I) .ES.O) GOTO 10 
NN«I*l 

00 15 I1*NN,NT0T 

XF tlSKXLl, tNSKfll) .EQ.OI GOTO iS 

X«0IST tSllEAP^dil) iSLEARMdill) ,NlER) 

IF tX.LE.OHftXj GOTO XS 

NSTU1«1 

NSTU2»II 

Cl-AXsX 

CONTINUE 

CONTINUE 

WRITE (6,17) VSK,NSTU1 iNSTU2iOHAX 
17 FORHATCOSKILL »».I2.»i 1ST STUOENT ■ »,13, 

1 I3i»i DIFFE«CNCE a »»F9»3) 



2N0 STUOENT ■ »i 



C CCSSTOUCT A TaBLE OF STUOENT OXSTANCES 

nELIGsO 

00 IOC IsIiNTPT 

IF (ISKlLLtNSf ,IJ .EO.O) GOTO 100 

XeOIST tSLEA"^- SlE ARN ( 1 , NSTU 1 1 i NLER ) 

IF i-NELlG.EO»0J GOTO 30 

00 20 II«1 i>»ELIO 

IF tX.LT.SOISTdl) ) GOTO 40 
20 CONTINUE 
30 S01STI^jELI0*1)«X 

NSTUN0(NELIG*1)»I 

GOTO 90 
40 NSTU2SI 

00 50 ItlBtI>NC .IG 

TC^PcSOlSTtltt) 

SOIST (IZX)>X 

X«TEMP 

NTCHPBNSTUNOd 



00 



mm 



EKLC 



50 WSTUe«NTeMP 

N5TUN0 (NCUI6*1 ) «»**TUa 

WRjTE^*(^,eOI (SOISTCI) iNSTUNOCl) il»liNELl6> 
80 FORHAT c5CEX|F9.3ia)t|I3) ) 



C SUM THE LOWEO GROUP LIMITS 

SUM30.0 

00 no i»ifNO 

ir CNGSKILCI>.*4E«NSK) GOTO no 
SUM«SUM4FL0AT CNLO*^ i I ) ) 

no cowtxnue 



C Cii^AfiLlSrt A PflRTlTlCNXNO 

NEOSKSO 
DO 120 

ir (NGSKXLtI> .f^E.WSK) GOTO 120 

POPT'vs (PLOAT 1^>U0WIX> ) /SUM) •FLOAT (NEUlQ) 
1PO»?Tn=pORTN 

IFC IPORTN-IPOOTN) .OE.O.S) IP0RTN«IP0RTN*1 
hPART IKEOSKjelPO^lTM 
X2o' CONTINUE 



C BALANCE The PeSTlTXONS 

WRITE t6»l3SI NSK 
13S FORMAT l»3 ••• PARTITXONISQ FOR SKILL »'*I2,» ••••) 

write: tAil*»S) NELIG, tNPARTIJJ iJ"! iNEOSK) .^.^^ -•v.* 

1*5 FO^^AT t« C0-»OTE0 PARTITION WITH . , 1 3 , V STUDENTS I •,10CI3,2X)) 

DO 1*0 J«l.NCOSK 

CZ 130 l«l|Ne-3SK 
130 ^SUMXNSU^*»I'*A»T I X> 

ir insu^-.eq.nelxg) goto iso 

XF (NSUH.GT.NELIGI NP ART C J> bNP ART C J ) -I 

IF tNS'JM.LT.NELJO) NPAHT<J)«NPflRTCJ)*l 
140 CONTINUE 
ISO CONTINUE 

uOTTf t&ilSSI NCLlflfCNPART(J)iJ«l|NEOSK) ^„ . 

155 FSJi*Tt' BALANCED PARTITION WITH .,13,. SSUDENTSI .,10CI3.2X,) 
iriNSUM.NC.MtLlfl) «TOP 



380 



105 
10« 
107 
lOB 

ion 

110 

111 

112 
113 

115 
11« 
11^ 

lie 
ii*» 
l?o 

121 
122 
I?3 
124 
J25 
126 

12« 
130 
131 
132 
133 
13« 
135 
134 
13T 
13« 



C — 

C SCteCT MXD-^OINTS 

IX« tNCLI0*2) /2 
Xl«SOIST{I)-SOISTm 
X2«S0IST (NEuKj) -SOIST (III 



C FIWO HEAN or EACH PARTITION 

NEOSKsO 
XXaO 

00 200 XXI f NO 

IF INGSKXL(I) .NEoNSKi GOTO 200 
NEOSKcHEOSK*! 
NNaNPAPT (NEQSK) 4!I 
N«I 1*1 

XFtXl ,LT.*2» GOTO 160 
N2aNEu Tn*l-N 
Nl«NEL3G*l"NN 
l*,0 00 190 kslfNLER 

SUM«0, 

00 180 J3N1,N2 

JJ«SSTUNO f JI 

SCiHs Sum 4>SL EARN (K t JJ) 
inO XNaXN^U 
190 SEEO JK, n«SUK/XN 

iXaNN 
?!)0 CO^iTXMUC 



321 



APPENDIX B 
CCMPUTER PROGRAM FOR GROUPAL B 



ERIC 



ailOUPXNO ALOOnXTHH q — — 

P/l«*HCTER M*K(mP«15,MAXSTU"iaO,MAX5K«15,MaXLV«l5 

C*><MON SL£*RN (HAXLVi HAXSTUi i ISKILL JMAXSK,MAXSTU) , 
4 NLOW(M0XOBP» , NHXOHIHAXORP) • NO , NSK I LL i NLCR , NTOT 

COMMON /5EE0/ NOSKXL tMAXGRP) • SECO < MAXLV , MAXORP I i 
♦ SOIST lMAXSTU»i NSTUNO <MAXSTUI 

OXMENSION XNAMe (<i,MAX5TU) , VLE ARN ( •'AXLV ,MAXSTU) 

OXMENSION X0(MAX5TU) 

OIHCNSION XMEANjMAXLV) , XSTOEV ( M AXLV ? |XVAR<MAXLV| 

OX»<E'JSXON NUMIMAXSK) • 

0IHEN5X0N N5XNOS(MAX5K) , NLVNOS (MAXLV ) 

INTEGER SKNAME OiMAXSK) , LVNAHg t 3 • HAXLV ) 

OIMENSION NlNORPIMtXGRPl 

DXHEN5X0N NXC^ioSdO? 

0XMEN5X0N NOELXG ( MAX5K i HAXGRP) 

LOGXCAL XNCOHfSXZEC 



XNPUT ANO ECHO PARAMETER CAROS 
WRITE(6i 11 

1 FORMAT( • 1 • I lOQOUPXNG ALGORITHM B • • / • 1 X , 20 < t « • ) • / I 

PEAD tSi?J N0,NSKXLL»NLER,NTOTi XLXMXT 

2 FORMAT (X2|lX|I?»lX,I2ilXiI3|6y|X2) 
^RXTE t6i3}MG|^15KXLL|NLER|NT0T 

3 FORMATt'ONUMBER OF GROUPS REQUESirO ■ »»XZ»/» 

\ • MUMBFR OF 5KXLL5 CONStOEPCO ■ l»X2,/, 

2 nUmR»;r of LEARWER VARXABLES CONSIOEREO ■ 'ilZ,/! 

3 • NUMHFM OF 5TU0CNTS ■ ••!::'•/) 

PEAoiSiAlKiLi^'iN 
* F0PHAT{4Xn 

XF<K,E0,l)WRITE(6iS) 

5 FORMAT (• ELXOtBILlTY FOR SKILLS TAKEN INTO ACCOUNTM 
XF{K«E:O,0)WRITE:(6ib) 

6 F0RMAT(» ELIGtBlLlTV FOR SKXLLS NOT TAKEN XNTO ACCOUNT!) 
IFa.EQ.UWRIfE t6»7) 

T FORMAT! » LEAPNER VfiBlABLES TAKEN XNTO ACCOUNT I ) 

XF(L*EO*0)WRITe(6»R) 
A FORMATI* LEARMFR VXRlABLES NOT TAKEN INTO ACCOUNT!) 

IF(M,E0,X)WRXTE(6i9) 
9 FORMAT (» MORE THAN ONE GROUP HAY STUOY THE SAME SKILL') 

XFtM.EO.0)W.qiTEt6»ll) 
U FORMAT (• ONLY ONE GROUP HAY STUOY A PARTICULAR SKILL •) 

lF(N,E0,nwRITE(6»21) 

21 FORMAT I • SEEO POINTS FOR GROUPS COmPUTCOM 
IF (N.EO.O) WRITE (6i??) 

22 FORMAT t I SEED POINTS FOR OROU^S SPECiriCOM 



READ(5,1«) (NLOWCI) tNHIOHII) iZ-liNO) 



I 



93 10 FOWHAT (3012) 

^9 19 ro«»<*TI •••«OUP RANOCS ■ »flO(llI3»tX) ) 

5b 

*T ..^.-•^ - 

90 C / 

59 C PANOE TEST 

.60 HSUMt^O 

KL0wr99 

63 ' 00 20 I>1 f NG 

!J If tNLOWtll.GT.NHlOMtl)) WRITE t5,l6l I . NLO»* i 1) . NHIGH ( I ) 

.J If, rc--iT C» INVALID RANGE ORP l*»it3t» LOW ■ •fX2i»f HIGH • t,l2) 

4- I^- mLOwC) .GT.KLOW) WRITE |5,18» I i NLOV U J i KLOX 

18 FOR.-«AT t» SEQUENCE ERROR GPR *»fl2i» CURRENT LOW ■ • f 

70 I PREVIOijS LOW » Sia* 

71 KLO"^ « wLOWtl) 
ta 20 CONTINUE 

IF(NTCT,GT,HSUM,0R.NT0T,LT,NSUM)WRlTE{6|30»NTaT ^ ^ 

30 FOSHATP RANGr SIZES DO NOT CORRESPOND TO TOTAL NUHBEP Or STUOEN 
79 l*iZ3) 
76 
77 

70 c — - 

C REAO IN SKILL AND LEARNER VAPIABLE NAMES 

90 READ IS, 10) twSKNOStlJ iI»l»NSKILL) 

9j WRITE t6,ieS) (NSKNOSdlflmiNSKILLI 

33 105 PORHAT I'OSKIllS COMSIDERED • »,a0l3) 

«3 READ |5i 1 0 ) (tJLVNOS ( I) 1 1*1 i NLE^O 

•4 WRITE en,lflT) (NLVNOS t I » , I-l i NLC«» 

^3 197 FORMAT ttOLEAQNER VARIABLES CONSIOCREO • •r20X3> 

06 00 ^''0 XclfNSKILL 

READ (5 1 160) (SKnAHE{JiI) iJ«1|3) 
90 180 FOB^AT e3A6) 

99 17C CONTINUE 

90 00 175 I'ltNLER 

QCftOtSilBOMLVNAME{J|I» i.i«il»3) ' 

93 17S CONTINUE 
93 

94 ^ , - 

95 C — — 

9^ C READ IN SEEO POINTS 

97 IF {N.E3«l) GOTO 190 

90 00 195 I»l|N5 ; 

99 READ 15il97) ( SEED 1 1 i J«l f NLER I : 

109 197 FOPMAT t20FA,2» * 

lOl 19S CONTINUE - 
102 
103 

104 1»0 CONTINUE 

to 



ERIC 



15« WRlTe(6fi4) 

10* 1* FOVMAT ( 10* i«9Xi 'STljDCHT l«CCOI«ns* 

/ 17 rORH*T(»0»f fiX.iSTUCJEMT NAHE>»9X,i Vt VW AC »N KT 51 SO^ , 

l» ED ew SO SM SeK«,i J 2 3 4 » 6 7 a 910J112131*»/J 



100 / 
109 

Ill C 



lit C REilO IN STUDENT RECORDS 

113 DO 15 l«l|NTOT 

11* READISi 12) I0( r ) f (XNAMEtJvT) i J»l • <VLEARNtJf I) i J»l i 

llf 1 riSKILLUvX) f J»lf 

116 \? -FOJJMAT t I*»lX»*A6,aX, »F2,0,r3.1l 1 1X,F«,0|F1 .Of IXi 1411 ) 

IXT WRITE t6i i3) XD( n I IXNfl'^CUi 1 1 • J«li«» ■ «VUEAPN« J, II f jsU 12) i 

11« niSKlLLtJiX) »J»lvl'») 

lt9 13 FOPMATII5|lX,*A6f9F*,Q|FSiiltl»|F4tQf2)t|F2|0|l4I2) 

IfO 15 CONTINUE 



121 
122 

193 C 



C LEFT-JUSTJry SELECTED SKILLS liND LEARfcdER VARtAeLES 

US 00 2S0 ?J«lfNtnT 

126 DO 220 IIvlfNLE'n 

127 KKmKLV^OSdll 

l^a IF (L.EO-Q) VLEARNtKKkX)(«0»0 

1J9 220 VLEARN(II,n«VLEAWN(KKiiI) 

1^0 DO Z'ttO Ilkli^^SKILL 

l.'.'Il KK»ffSKNOS { I II 

132 ' IF IK.EO»0) ISKIULtKK|ll»l 

133 il40 lSKlLLClI»I)<ISKlLLtKKiII 

134 kSa CONTINUE 



135 
136 

137 C 



I3« C CALCULATE NUMWER OF STOOENTS ELl«i?BL£ FOR EACH SKILL 

13« WRITE |6tl30) 

140 130 FOHMAT CONUVf^ER OF STUDENTS ELI0I9LE FOR THE FOLLOWING SKILLS - 

141 00, 140 J»l f N£^<ILL 

142 F;lUH(J|eO 

143 00 ISO I«l>MTnT 

144 " NUMt J)«iNUi«4(J)4>X!tKILL(JiX) 

145 150 CONTINUE / 
j-j.^^ 144 WRITE 16. 1601 tSKNAME (II ,J) ilt»l i3l »NUM(J) 

* "'^ '1 147 160 FO»MAT {lX|3A6i» «|I3I 

l4a 140 CONTINUE 



149 

150 

ISl C 



|9« C CALCWLATE MEAN, VARIANCE, STD, DEV. OF EACH LEARN£« VARIABLE 

153 WRITE t6i70» 

1^4^ TO FORMAT t*0 LCARWCR VARIABLES MCAM, VAR« AND STD. DEV, / 

IS* 00 90 lBl,NLER 

15^ SU«SQ«OiO 

CO 



EKLC 



t 



IS9 00 80 J»liMTOT 

lAe xr ivLC*»Nci»j>,LT«oi#o to oo , 

' SU»»SO»VLCARNUiJ)**2*SUHS0 

14* 00 COI^TIMOE 

149 IF (XN •LT, 0,S) XNsl.O 

144 xKEAN(l|«SlrH/1^^ 

I4t xv*»fn«aB5»X»<«SU»<Sa-SUM»»2>/|XN««2J 

iftS XSTOEV III «SQPT <XV*R( Xn 

149 90 V.RITEt6,lQ0MLVNANE(JiX» iJ^liS) iJ^MEANd) iXVAPjn ,XSTDEV(I> 

100 rORMATM t, 3*6,1 HA5 MEAN « • « F6.2 • 2X • • VAR, • * irStZiZXr 'SO. ■ • 

171 1,F6.2J 
ITt 

»T3 

17* C " — — . — 

ITS C NXSSXNG DATA 

|T4 DO 200 liiliNTOT 

177 DO 2X0 J»liNLrR » 

174 lF(VLEARN(J,T),QErO)60 TO 210 

179 VLCARN(Jtn«XHEAN(*Jt 

140 210 COKTXNUE 

181 200 COMTX^t'E 

lea 

. 

104 C — — — -* *" " " 

lUS c STAMDAaOXZE STUDENT VARIABLE SCORES 

ia« DO 95 jBliNTOT 

197 DO 97 I«l |NUE» 

|«a Xr (XSTDEVfXI -LT* O.OOOl) OOTO 9fi 

199 SLEAPNiXi JJ«IVLCAPN(I,J»-XHE*M(ni/XSTDEV(X> 

190 GOTO 97 

191 90 SLEABNtIiJI«X**EANCn 
I9t 97 CONTINUE 

193 95 CONTINUE 

t9S WRITE (6i2lA) 

J,^ 2lh FORMAT CO STANDARDIZED LEARNER VARIABLES ••••) 

197 00 S15 X»liNTOT . 

JJ^ 215 WRITE 16,2X6) ID m . CXNA«E ( Ji U • J"l • *> • ( SLEARN ( J , I ) , J» 1 »NLER) 

199 ^16 FORMAT ( XS 1 1 X 1 4 A6 1 1« (F6, 21) 

200 

201 ^ -.^ 

^93 C PARTITION GROUPS BASED ON SHORTEST DISTANCE ^ 

09% IF (N.E0»1I CALL SEEDY 

M 

Soft — 

ao7 c — — — — 

t94 C OUTPUT ««OUP MEAN* ^ 

■ ro 



386 



tu 

212 
213 

aris 

21ft 

217 

214 

219 

220 

721 

722 

2)3 

«2* 

229 

226 

227 

220 

229 

230 

231 

232 

233 

234 

235 

236 

237 

238 

239 

2*0 

241 

242 

24^ 

2^5 
246 
24 7 
248 
2<»9 
250 
252 
252 
253 
254 
2SS 
256 
257 
258 
259 
'2*0 



POXSTbO.O 
KKtraO 
4S0 CONTINUE 

WBITC tft|410) 

410 FORMAT l»0 MEAN OF EACH GROUP •••U 

00 *20 iBliNG 
420 WRITE («,430) Ii ISEEOCJpI) Ep) 
430 FCPHATP GRCUP « • . 12 , 1 3 ( F7 , 3) | 



: ASSIGN STUDENTS TO SEED POINTS 

ToiSTcO.O 
TsSWvOfO 
WRITE f6|470) 
4T0 FORMAT CO STUDENT GROUP ASSIGNMENTS 

00 500 I»l|NTOT 

•wsTuf;oci)«o ' 

00 490 JvliNG 

XaOIST |SLEaR^H,n,sEED(l,j) ,NLER> 

IF »NSTUMO(n ,EQ,0) GOTO 480 

IF f Sr,GT,VOXST> GOTO 490 
480 XCXST>X 

NSTUNO(I}Mj 
490 CONTINUE 

IF C^.STUNO(X) ,EQ,0| XOIST-0.0 

SOlSTCII»XniST 

To:sT«TDisT*yr)isT 

TSSi< = TSSW«XOl!;T«#a 
500 CONTINUE 

WRITE (6,4951 a,NSTUNOir» ,SOISTM»|I-1,NTOT» 
*9S FORMAT C3t7X,.STU I».,I3,. ASO TO .,12,. W. OXST ..PS. 211 



C COMPUTE .•EAN flNO VA^?. OF ALL GROUPS 

00 &C0 jsl ,N0 
DO 590 I«1,NLER 
SUHsO.O 
XNsO.O 

DO SPO IIal,NTOT 

IF JNSTUNOtll) .NE.J> GOTO 580 

SUM = SUM*SLEARN II , I X I 

S80 CONTINUE 

IF (XN ,LT, 0.5) XN«1,0 

StKO n I J» "SUM/XN 
590 CONTINUE 
600 CONTINUE 

IF (KKK.EO.O t V«T0I!^T 

IF CKKK.NE.OI V»ABS(TDIST-PDlsr> 



W 
MS 
SftT 

CT« 

Mil 
*7* 
273 

2.y* 

<Tft 
JTT 
fTt 
f7^ 
MO 
9%\ 
2«2 
f83 
294 

2aft 

2ST 
2«« 
29« 
290 

-291 

99a 

29J 
99% 

29S 
296 
297 
290 
299 
300 
301 
302 
303 
304 
305 
306 
307 
906 
909 
910 
911 
»1« 



MKVKKK^l 
^OISTsTOXST 

XM5SW«TS9W/rL0«T INTOT-^d) 
HPXTC C6|620» KKK|T0|$T,V,T$9li|)l**SS*» 
620 roPHAT MOPOR XTEPATION ••,I2,t TOTAL DISTANCE « «irT.3i 
!• WHICM OIFFEPS FMOH PREVIOUS BY 'iFr^ai 

2 /t5X| •TOTAL SUM OF SQUARES WZTNXM » « tFQ«2, 

3 h£an sum of squares wxtmxn « «,F7«2) 

XF (V.GT.0.001 tANO. KKK*l.E« XLXMlT) GOTO %50 



OUTPUT nUMB£R £LXnTBUE IN EACH OAOU^ 

WPXTE I6|305) ( X I Xcl yNSKILL) 
305 FORMAT MOGRP If SISI^) 

DO 330 J«1»NG 

00 3?0 X«1>NSKXLL 

NGELXG(XiJI«0 

DO 310 XX«1>NT0T 

XF (NSTUNO(XX}.NE.J) GOTO 310 

XF ( XSKXLL(X ■ XX) •£0*0) GOTO 310 

NGELXG ( X ■ J)«N0ELXG1 Xf J)<»1 
310 CONTINUE 
320 CONTINUE 

WmTE (6 1325) Ji tNGEUXO(XiJ) • I« I .NSKltU ) 
32S FORMAT (2X«I2|3X|15I*) 
330 CONTINUE 



ASSIGN SKILLS TO dPOUPS 

00 335 I«1«NQ 
33S NOS«IL(I)«0 

; KKK«0 
340 CONTINUE 

MAX«0 

00 370 J«l,NG 

IF (NGSKIL IJ) .NE«0) GOTO 370 
00 360 I«1«NSKILL 
IF (M.EO.n GOTO 355 

00 3S0 Ilxlft^O 

IF (NGSKlLdn .EQ.I) OOTO 360 
3S0 CONTINUE 

3SS IP INGELIOdi J) •U£*HAX) OOTO 360 
MAX»SGELlO (I I J) 
IGSJ 

1 Sa l 
360 CONTINUE 
370 CONTINUE 

NGSKIL ( 10) «IS 
ITKKsKKK^l 

IF (KKK*LT«NG) ftOTO 340 



S88 



ERIC 



389 



3t3 








ais 






C 


3lT 




3l« 


62S 


31* 




320 


630 


3a I 




322 




323 




324 




32S 




32« 


63S 


32T 


640 


32« 




329 


655 


330 




331 


660 


392 




393 




334 




33S 


C 


336 




337 


963 


339 




339 




340 




341 


960 


342 




343 




344 




34S 




34ft 




347 




346 




349 




350 




3S1 




3S2 




353 


970 


354 




355 




356 




357 


900 


355 




35f 




360 


C 


361 




36f 




343 


670 


364 





[ 



OUTPUT OMISSIOHS AND t*0* |N C*CH •iJOUP — 
WRITC I6»62S> ^ 
FORMAT I'l'i' STUOCNT OMISSIONS ••oi|/} 

DO 630 J»1|N0 
NXNOOPf JIbO 
DO 640 t»lrNTOT 
JJKNSTU^OII) 

(w>J*EO*0) G070 63S 

NINGPptJJIeNZNGRPI Jjl^l \ 
GOTO 640 

wRirr I6»i3) roil) I (xnah£i zt , n , xi«i i4) 

CONTINUE 
WRITE I6|6SS) 

rORWATMOGoP » SKILL MO. IN OPOUPfl 
WQXTE (6 I 6601 (J»NGSKXLU) iNlNGpPfj) iJm1»N0) 



CHECK F09 STUOENTS NOT ELlGlLBE FOR SKILL OF GROUP 
WQXTE (A|963l 

ro»>*ftT <»OPEMnve INELIOIBLE STUDENTS FROM GROUPS*,/ 
ASSIGS- 960 TO IRETN 

Z^CPMa'.FALSE. " 

SIZF.Ca.FALSE. 

CONTINUE 

XXbO 

x&o.o 

00 970 X«lfK'TOT 

JJ=NSTONOtXI 

If (JJ.EO.O) 0070 970 

XIaNGSKXLtJJ) 

XF aS<ILL(rX,I).EQ.l» GOTO 970 

SO 1ST t XXDZSTISLeARNI 1*1 } « SECO (1 1 J) iNLER) 

XF <SOXST|X) .LTlX) OOTO 970 

XsSOlST f X ) 1 



IX«I 

CONTINUE 

XF (IX.ME.O) GOTO ,690 
SI2EC=.TRL'E, 
WRITE <6|990l 



CHECK FOR GROUPS OVfRLOAOfO 
ASSIGN f.70 70 IRETN 

CO^iTiNUC 

^ 675 J«1»N0 I 



to 
to 

00 



ERIC 



m »^ «N|N««^UUOT.WM|»HIJ)| GOTO *7T 

•OTP 

370 c 



VA 6T7 cSnJ^nSe"'"'"*''''" '^^''^ FARTHEST STuOENT'lrSvc^^JwEo'wSDr 

lX-0 

00 685 J«l,NG 

!!* »^ <NXNGHI»IJ).i.c.NHlGH(J)| GOTO 68S 

00 6«0 1«1,NT0T 
'J! IF (^STUSOID.NE.JI OOTO 6B0 

Hi SOISTMI-OIST (SLE«MN(l,l|,sEEO(l,Jl ,NLE«) 

IF tSOISTMl.LT.XI GOTO 6B0 
^•I XaSOISTlX) 

i: - IK»I _ 

6ao CONTINUE 
6«5 CONTINUE 



3S3 
3«« 
3«S 

'367 c 



III C FIND ANOTHER OHOUP rOfk THIS STUDENT 

690 CONTINUE 

r«o.o 

. J«NSTUNOIIK| 

00 700 Jjali'WG 
3'* IF IJ.EO.JJ) GOTO 700 

3^ isK^NGSKUu!;?' ^^-<^«'"'^^>.OE.NHIGH(J.,, GOTO 700 

JJJ IF lISKILLISSrf.lxI.EQ.OI GOTO 700 

?*? C • CHECK roa INC0«P*TXBLES IN SAME GHOUP 

IF (.NOT.INCOM) GOTO 698 

00 495 XlBliNTC 

I>NICNOSfII) 
*®3 xr lI.EO.IX) GOTO 69S 

IF t^STUNOiD.EQ.JJ) GOTO 700 
•OS 69S CONTINUE 

*06 696 CONTINUE 

??! rv-DlST <SLEAPNM.XXr,SEEDn,JJ),NLE«| 

IF IIY.NE.O .ANO. YV.OY.YI OOTO 700 
*09 IV«JJ 

♦10 v«vr * 

**l 700 CONTINUE 

IF <IY«NE«0) GOTO 750 

C CANWOT HOVE -*SO*JuriN*O^IwI^S " 



CO 

ro 



390 




ERIC 



«17 i WRITE I6i790) IX»J \ 

7V0 roKHAT 1*0 STUOCNT rii|I3|i HAS BCCN BOOTCO OUT OF ORP «>|I2) 

419 * WRITE t*i7l0) lOllX)|U»4AME(XIiISf),IIcl,«ltJ 

710 FORMAT IIft»lXp4A*f» KA0 BECN RC»*OVeO FRO** QR^ «*iI3l 

itl" ■ NSTUNO(I<I«0 \ 

*a« 5DX5T1IX)>0.0 

4t3 NlNGRP(J)aNINrtRP(J)-l 

*a* OOTO 760 
42S 

427 C «• . . . 

42S c MOVE STUDENT AND RECOHPUTE OPOUP KCANS 

•29 750 CONTINUE 

OO WRITE (6i755) IX,J.IY 

h^l 755 roPMAT ('O STIIOENT Wl»J3|i IS TO BE MOVED FROM ORP «<» 

«92 I 12. • TO GRP «• 1X2) 

«33 NSTUNO(IX»"XY - 

«3« NXNGRP(J)BNIKI0RP(J).1 j 

4)9 r.INGHPIIY)»NlWGRPIiy»*l 

43* 

.*37 - 00 790 JJ«lpNLER 

43i SU'^^O.O 

XNaO.O 

««0 00 780 I»l|NTnT 

««1 IF (NSTUNO(I) •NE.XY) OOTO 760 

hu2 SUMaSOM*SLEAPWe JJiI) 

443 XNaXN4-l .0 

«44 7a0 CONTINUE 

««5. SEEO(JJi lY)sSUH/XN 

««6 791) CONTIMUE 

fc*7 

**e 760 CONTINUE 

**9 - 00 775 JJ»1|NLER 

C50 SUHbO.Q 

451 Xf4a ? .0 * 

452 00 '.r70 I'l.NTnT 

*53 IF INSTUNOUI .NE.JI OOTO 770 

45« SUMa:SUH«SLEAPM( JJiI) 

ASS XNaXN4-1.0 

456 770 CONTIMUE 

A57 SE.£OIJJ|JI«SUM/XN 

458 775 CONiTlNUE 

A59 

A60 

i.61 C — <- ^— 

462 C RECOMPUTE STUDENT DISTANCES 

A63 TDIST«0.0 ....... 

*64 TSSWbO 

465 DO 740 I>1|NTDT 

46* SDtST(I)"0.0 

467 JaNSTUNOlI) 

468 IF (J.EO«0) OOTO 740 



«V« )C*S015T(I) 

4T1 TDXST«TOJST*)C 

ATI SUIST(X)>X 

ATA 7A0 CONTINUE 

AT» XHSSWaTSSw/FLOAT CNTOT-NOI 

AT« V.RITC I6i74»5) T0l5T,TSSUi)CHSSW 

ATI T4S roRMflTjBX, iTOTAu DisT* • »,rT.3,» Tssw « • ifft^Zi •~HS5w » « #r>#ar 

AT« GOTO ZPCTM 
ATf 

*ei c . p^-. • 

AOS C PROCESS iNCOM^ATlBte STUOeNTS IN SJHiLAP HAnNESi 

A«3 BOO CONTINUE 

A«A INCO^'B.TRuCt 

ASS PCAO (5,aiOieMO«9CO) NICi'^XCNoS 

A«ft 610 FORMAT |I2|10IA) ^ 

AST WRITE (6i815) (NX CNoS 1 1 ) i J > 1 |N XCt 

A«9 SIS FORMAT ( »0INCOMPATiete STUDENTS ■ <|10I5) 

AM IF" (Nic,ue,X) ooTO eoo 

A«o DO aao i"ifNf.c ^ 

A91 DO B20 J«l iNToT \ 

A91 ir (locji •co.NiCNosdt) ooToass J. 

A«3 82n Continue 

A#A ' WRITE I6iae2) NICNOSCX) 

A9S rORf'AT (• 140 STUDENT ^OR XO «tt 

A96 GOTO GOO 

A«T B25 NICN0S(I)«J 

A9a 830 CONTINUE 

A«9 

BOP! 860 CONTINUE 

S61 DO 8<»0 J"lfNO 

S92 KOUNTbO 

S09 00 835 H"li'^rc 

SOA IrNlCNOSdX) 

S09 Xr INSTUNOri) .NE.J) OOTO 835 

80ft KOUNTaKOUNT^l 

S87 S0IST(Z»«DIST ( SuEARN ( 1 , I ) , SEED ( I « J> f NlER) 
635 CONTINUE 

S09 ir tKOUNiT.LE^ll GOTO 8*0 
510 

511 }CbO«0 

512 I«"0 Av.— . 

513 DO 850 IlaiiNJc 
5lA IvNlCNOSUD 

519 IF (N5TUN0(X),NE*^;i OOTO 850 

- ir ISOIST(X) tLT«yt) OOTO 6S0 

5tT X»5DXSTJX» 

51» IKtiX 

519 550 CONTINUE 

5ft0 AS5X0N 860 TO XHCTM 



392 



5d2 9^0 CONTSNOC 

9S3 BOTO BOO 

925 

5»« C — — — 

5?y C OUTPUT riNAL TOTALS AJhJO LEAVE 

52« " 900 C0»4T1NUE 

5^9 00 950 J3l,NG 

530 NSKcN65KlL(J) 

931- ' WRITE t6|910) OiNSKi (SKNAHEf JJ,NSK) I JJBI |3) iNZNGR^U) 

532 910 rORMAT (>l*i*CROUP ftlBt't SKILL • ' « 1 2 1 2X . 3A6 • / » 

933 • " • NtiMBt:*! or Students recohmenoed « •iJ3i//i 

53* 2 ' STUO »iax, tSTUOENT N AM£ • M OX DISTANCE • r/) 

535 00 940 la; iNLCR 

. 536 SUHSQsO.O 

53t SUMsO.O 

53fi XNvO.O 

539 00 930 XI»l|NTOT 

5^0 ir tNSTUNOriT) .NE.J) GOTO 930 

5*1 SUwsSUH^SLEARMlliXl J 

542 SUMSQ«SLEARN(Z,ZI)*«2«SUKSa 

5<i3 XNxXN^l .0 

5«»* IF (l.NE.l) GOTO 930 

5<i5 SDZSTf xn»OIST(SLCARN.( 1 iZX> iSREO (1 1 J) iNLER) 

5<i6 WRITE (A|920) 10 < X I ) i OCNAME ( J J. 1 1 ) , JJ«1 , 4 ) , SDZ5T ( Z J ) 

5*7 9an ropMAT (axii4,«xi<*A6i 5Xir7,3; 

93P CONTINUE . 

5*9 IF (XN .LT. 0.5) XN«1«0 

550 XMEANllXSUM/VN 

551 XVAR(Z}aABS()(N»SUMSQ-SUH»*2)/'(XN«»2l 

552 XSTO£VC1>«SO«T'<XVAR|X)1 . ... ^ 

553 ir (I.EQ.U WPZTE (6|T0> 

55* MRITE (6fl00) (LVNAHE ( J J i X ) i J Jal i 3 ) t XHEAN ( X ) i XVAR ( X ) i XSTDCV ( I ) 

555 940 CONTINUE 

556 9S0 CONTINUE 
5ST CALL EXIT 

55i 3^3 



1 e*-— SeCD POINT HOUTINC • al«oiiithn b 

t 

3 S4M«<:UTIM€ 5ECDV 

S COMMON SUEAPN CM*XtV( MAXSTU) » ISKIUL |MAXSKiHAXSTU> , 

« NLOWfHAXGClP) I NHIOHIHAXGHPJ I ^30^NS#'.XLL^»•LCHtNT0T 

7- - - - -COMHON /5CE0/ NGSKIL CMAXORP) t SEED <HAXuV iHAXGRPf , 

a SDIST (HAXSTU)f NSTUNO CHAXSTtr) 

9 DIMCNSION NPAPT IMAX6RP) 

10 

11 

j2 C " " — — 

13 c PIWD a-STUnCNTS V. GREATEST PAIR WISE DISTANCE 

14 NSTUlBl 

15 ' NSTU2»l 

16 DNAX«0«0 

17 DO 10 I«X|NTOT 
16 NNs^«>l 

19 00 IS II»MN,NTOT 

to XkOIST (SLEARNdiDvSuEARNdilDfNLER) 

21 IF tX.LC*DMAX) GOTO IS 

22 NSTUlsI 
,23 NSTU2SII 

24"' ■ OMAX«X 

25 15 COMI^JOE 

26 10 CONTINUE 

27 WRITE C6il7l NSTUl iNSTUSfDMAX 

26 17 roPMATC •OL^PGrST DIST> JST STUDENT • 'flSi'i STUDENT « 

29 I I3i»i OIFfEOENCE » »fF9i3) 

30 . 
31 

32 c — . — - — "* 

33 c CONSTRUCT A T/\8UE OF STUDENT DISTANCES 

34 nElI6«0 

35 DO 100 1«J|NT0T 

3^ X>OZST (SU£APM (III) I SUE&RNIlfMSTUl) fNLER) 

37 IP CNELX6.EO.0) GOTO 30 

36 DO 20 Il«liNEH6 

39 IP (X.UTtSO:STIII) ) OOTO 40 

40 20 CONTINUE 

41 30 SDIST(NELIG*l»«X 

42 NSTUN0IN£UIG*1)«1 

43 ' GOTO 90 

44 40 NSru?sI 

45 DO 50 III*HtNEUia , 

46 TEHP£SC?tSTniX» 

47 SDIST (IXI)«X 
46 XmTEKP 

49 NTEMP«NSTUNO<Hl) 

50 NSTUN0(III)«NSTU2 
%\ 50 NSTU2>riTCHP 

02 SOISTCNei,I»^l)«X 



395 



99 




NSTUMO INCLie^l 1 aNSTUS 






S* 


98 


NfCLlOvNSLXO^l 






9S 


188 


CDNTlNUe 






St 




wnXTC (6^88) (SDIST|I)tNSTUMO<l)ffIalfMr( rni 






5T 


80 


roRMAT (f^l2K»F9«3f2yf 13) ) 






..Si . 




















•0 

•1 










C 


SUM THE LOWEi) GROUP LIMITS 






62 




5UH*0«0 






«3 




DO 110 I'lfNO 






•4 




5UHaSCH«FL0AT(NL0Wt I) ) 






6S 


110 


CONTINUE 






66 










6T 










611 










69 


C 


ESTABLISH » PARTITIONING 






70 




NEQSKsO 






Tl 




00 1 20 I »l f NO 






79 




NEQSKvSEQSK^l 






T3 




»>ORTN»(FLOATI^LOW| I ) ) /SUMtaFLOAT (NCLlO) 






T* 




IPORTNbPOPTN 






T5 




IFI (PORTN-IPOOTN) .OraOaS) IPORTNa I PORTN-» 1 






• T6 




NPART |NEQ5K)«IP0RTN 






TT 


120 


CONTINUE 






T0 










Tf 










60 










c • 


BALA^•C£ The PanTITlONS 






82 




w:)ITE (6i 135) 






•9 




FOR^'AT (to GROUP PARTITIONING •■■•) 






84 




WRITE I6il45) NELXG, (NPART(J) ,Jal,NEOSK) 






•S 


l*S 


FORMAT l» COMPUTEO PARTITION WITH •|X3,» STUOCNTSI 


•fflO(I3 


• 2X1 ) 


86 




00 1<*0 JsliN^OSK 






ar 










88 




00 130 I»l iNEQSK 






89 


130 


NSUH«NSUM»NPAnT II) 






90 




IFtNSUM.eO.NELIO) GOTO ISO 






91 




IFINSUH.GT .SELIG) ^:PART ( J ) aNPART ( J ) -1 






99 




IF INSUH»LT.NELXG) KPART ( J ) aNPART ( J ) ♦ 1 






99 


140. 


CONTINUE 






94 


ISO 


CONTINUE 






9S 




WRITE I6|1S5) NEL2G, (NPARTt J) 1 jaliNEflSK) 






96 


1S5 


FORMAT (• BALftNCED PARTITION WITH ••)13|* STUOENTSI 


••10(13 


t2X)) 


9T 




IF INSUM.NEaNELIO) STOP 






98 










99 










100 

loi 










C 


SELECT MiD-POtNTS V 






182 




ta|NELI0«ll/2 






189 




IIa|NELl8«2)/t 






184 




»laSD|ST(II*SDISTU) 







CO 
CO 



EKLC 



lOS 
IM 
1«T 
!«• 

n« 

ni 
111 
lis 
II* 

n« 
ii« 
ii7 
ti« 
ii» 
i»e 
!»; 

t»2 
113 
I3f* 
1»5 
1»« 
1»7 
12S 
13« 
139 
131 
132 



*»iiSOisTCMfLia»-»oi«Tcin 



160 



ZOO 



rTND MEAN or EACH PART XTIDN, 

NK05K«0 

XXbO 

DO 200 X«l»NO 
NEOSK«NEOSK»1 
NNBNPARTtNEQSKt^II 

n2kNN 

Xr «Xl,LT.X2> OOTD ,160 

N2bNELX0*1-N 

NlBNCUXO^t^NN 

00 190 K^liNLPR 

XNiiO , 

SUM«Oi 

DO 180 J«N}yN2 
JJ«NSTUNO(J) 
5UMs5UM«SLEARNtKf J«j> 
XN>XN>li 

SEEO«Kf X»"SUM/XN _ _ 

XX«NS 
CONTXNUE 
RETURN 
END 



336 



APPENDIX C 
COMPUTER PROGRAM FOR GROUPAL C 



ERIC 



397 



PAffAMCTC* HAXORPa|!>|f<AXSTUal30|HA)(SK»l5,HrXLVa90 

COHMON SLEARN IHAXLV, HAXSTU) i I9KXLL IMAX9K i MAXSTUI i 
« HUOMIMAKOPP) I NHXOHIHAXGRP) » N0| NSK ILL i NLCl^iNTOT » VCXOHT 

COMMON /SeCO/ N6SKIL IMAXQRP) , SCEOCHAXLViHAXORP) , 
♦ SOIST (HAXSTU)i NSTUNO IMAXSTUV 

OIHCNSION XNAME (Af MAXSTU) »VLCAPNCHAXLV|MAXSTU) 

DIMENSION X0I»*AXSTU1 

OIM^NSTOM XMEANIMAXLVI » XSTQE V I HA XL V ) |XVAR|MAXLV) 
DIMENSION NU^fMAXSO 

DIMENStQN NSKNOS IHAXSKt 9UI V^n^ CMAXLV) 
ZNTESER SKMAMrf" '^AXSK^ AHE ( 3 1 HAXl. V ) 

OIHE^S:0^• 
0I>*E»*5I0'« 

LOGICAL iNC ' 



C — — — — — • 

C XKPUT AND ECHO PARAMETER CARDS 

21 IfRXTElfti X) 

24 I rOPMAT C • I • I 'G»OUPXSG ALGOPZTHH C • • / » I X 1 20 ( • - • ) 1 / ) 

23 

2« READ (S|2> nG,N<;kXLLiNLER,NTOT|WEZGHTi XLZHXT 

?S 2 rOR'«AT(X2|l>t|T2ilX,I2,lX,t3ilX,F<i.9rlX|Xa) 

26 wr:TEI6|3)NG,»iSKILL»NLER,NT0T,WEZGHT 
a? 3 rORMATf iONU^'^FR OF GROUPS RECUESTED ■ •,J2,/i 

2« X • NU^RFR DF SKXLLS CONSXOERFD m tiZSi/i 

2 • NUK9CR OF LEARNER VARIABLES CONSIDERED ■ •fX2|/i 

a I >4U»'ftrR OF STUDENTS ■ •|I3,/( 

4 • >*eiG^n APPLIED TO SKILLS ■ I,f5fl2|/1 

ir IItI»«IT*EO»0> ILIHXT-IO 



REA0(6,4IKiL|H 

4 F0RMATI3XX) 
IFIK.EO.l IWRITE l6tS) 

5 FORMAT I • ELXGtfllLXTV FOR SKILLS TAKEN INTO ACCDUNTM 
IFI<.E0»0)WRjTtC6t6) 

6 FOR"AT(» ELiXESMLlTY FDR SKILL5 NOKT T AKCM^NTO ACCD JNT i ) ' 
IFlL.E0.1)w?TT^I«»T) 

7 FOO^-ATC" Lf ^i^lS^ VARIABLES TAKEN INTO ACCOUNT i ) 
IF(L*E0«0)k%t^(6,a) 

A rORMATCi.LCW^lNieR VARIABLES NOT TAKCN INTO ACCOUNT • ) 

iF(M«r9«niw%s«:(6i9) 

9 FOR>*Ar I • "**«teriTHAN.^ONC..GROUP._WAY STUDY'THC SAME SKILL*) 
IFIM.EO.OIliMKSrCAi 11) 
II FORMAT I* Ontt^ONE GROUP MAy STUDY A PARTICULAR SKILLM 

RCAD(S»I0MMLOU(I) ,NHI6H(I) |I>I,NO) 
19 FORMAT lt»IY> 

WRITE (4»19J IMLDW(I|,NHI«H(I)il>l|N«) 
19 FOAMATMMROU* MNftCS a • • 10 (2I3i 2X1 ) 



398 



93 

55 C • ' ' 

56 C «ANOC TEST 

57 HSUHsO 
59 NSUMbO 
St KL0WB99 

40 DO 20 X«l »N6 

41 . NSUMsNSUM*NLOWCXI 

J' IF JlJLOWfX) .GT.NKXOHfXn WRXTC t6,l6) X .NLOW t X ) . NMXOM ( X ) 

" 14 FOPHAT C» XNVftLXb BANOE QBP ••.X2.» LOW » t.XatS MXOH ■ t,X2» 

7- IF (NLOt^Cri.C^T.KLOWl WRXTC (ft.JR) X iNLOW (X I .KLOW 

II le fopmat'c» seoiiENcc cR«or opr cupbent low - », 

47 I X8.». PBEVXOUS LOW » t.la) 

44 KLOW ■ NLOW (1 1 

6« 2<> CONTINUE ^ 

7t lF|NT0T,GT,HSUH,OR.NTOT.LT.NSUMiWRXTE«6,30)NTOT erimr.- 

jI 30 FORMAT f RANGF. SIZES 00 eORRESPONO TO TOTAL NUMBER OF STUOCN 

72 l».I3> 
73 

c "'""beao xn skill and le»»»ner variable names 

• • PEAO J5,10» J^'SKNOScn»X«liNSKXLL» 

*«R1TE t6ilBS> tNSKN0SCI» iI-liNSKXLLI ' 

185 FORMAT «»0SKILLS COwSXOEftEO ■ •|20X3) 

4^ REAO (SflO) fwLVNOSU* iX-liNLER) 

r, WRITE J6.l»7> |NLVNOSCI»»X«l»WLERl 

167 FOPMAT («0LEAP*JER VARIABLES CONSXOEREO ■ i,20X3) 

43 DO 170 Xa^ffMSKl\«|^ 

0^ READiSf laoi rsi'^^^UiX} ,u*ii3> 

45 100 F0RMATI3A6} 

44 170 CONTINUE 

47 00 175 X«Ii^-'.^i# 

44 RE AD 1 5 1 1 80 ji^*ii«£^VJUW?^f rO«X 1 3» 

49 17S CONTXNUE 
«0 
91 

92 WRITE(6il^) 



\h FORMAT « • 0 • ,*«*«^ rSTsSmf^^ RCCOPDSM 



11 17 ?oJmaTMoI! «3lr,.«ST^|f1HEV?r nAHC»,9X,i VL VN AC AN KT SI SO., 

II ^1. EO Sf> 51^ X 2 3 4, 5 6 7 6 9 1 0 1 112 1 31 4 . /, 



97 — - 

'5 c *""read in STiaEv^T n/JoWs 

ill 

ill WRXTC(6,l3>%V'^n.t)«NA«I(J,XI.J-l,*»»<VLCARNiJ,I).J«l,l2)t 



00 



IQ^ 13 rOHMAT I X9|lXi*A6»«r* IX, F*,0 1 2X,F2. 0,14111 

197 111 COMTlMUe 

10» 

HI c LEFT-JUSTIFY SELECTED SKXuU» *N0 LEARNER VARIABLES 

lia 00 250 I»l ,NTQT 

113 00 Zeo II»1,NLE» 

||4 KKvNLVk'OStni 

115 IF tL.EC.O^ VlE^RN|<K»II>0«0 

||« ?20 VLE»»»NlTI,n^»VLt»RN|KK,I) ' 

117 JJ-NLCP 

IIS 00 Z**0 llmX ,MSKILL 

119 KI<{sNS«<^OSlIIl 

120 1K.EO,0| ISfCltUKK, XI«I 
lai ISI<ItHlI,II»ISKILLiKK,I| 

19) VteAONUJ,II>rtOA7(IStCILL(KK,I)) 

124 00 230 K**! |3 

125 290 LVNA»«EIKK,JJ)*S»(M4HC(<K,II) 
129 240 CONTINUE 

127- 2S« CONTINUE 

129 NtER«NtE»*NSKItL 
119 

130 _ . 

JjJ c CALCULATE NU*««Efi OF STUDENTS ELIOIBLE F0« EACH SKILL 

131 WPITE 16, ISO) 

130' FOO'-AT CiONUMOER'OF STUOEMTS ELIOIBLE FOR THE FOLLOWING SKILLS - 

135 DO 140 J«1,NSKILL 

139 NUMIJI*0 

137 00 ISO I«l»»*TOT 

139 NUHU: vNUMiji^iSKILLt Ji X) 

139 ISO CONTINUE 

_j40 WHITE 16,1601 I«?KNAMECIX|J),II«1.3» ,nUM(J| 

"141 160 FORHAT llXt3*6»i — ',13) 

H2 1*0 CONTINUE 

143 

X«.4 _ ^ 

\ll c CALCULATrMnNl"vARIANCE,"sTO," OF EACH LEARNER VARIABLE 

}*J 70 FOR«AT*tiri*« LCARK*ER VARIABLES - MEAN, VAR. AND STO. DEV. •••t 

1^9 00 90 I»l,NL€R 

150 SUMSQvOtO 

151 SUH«0»0 

152 . XNvO.O 

153 00 BO J»l,NTOT \ 
IFCVLEARMn,Jl«LT.0)OO TO BO \ }^ 



1S4 



155 SUH«SUH«VLCARNII»J| 
199 9U»*B0sVLEARNII,J)««t«SUNS0 



VO 



ERIC 



1 «T 

J 9 ' 








1 sv 




60 


coNTZNue 


1 59 






IF (XM •i.T. 0.5) XNal.O 


160 






XMEANII)>SU»4/XM 


1§1 






XVAR 1 1 ) xABS : XN*SUM50'-SUM«e2) / (XN«<»2) 


162 






XSTDE V 1 1 ) ■SQPT (XVAR ( I ) ) 


1 63 




90 


WRITE (6»1001 tLVNAHE IJi n i 0*1 iS) iXMEANI I ) ,XVAR(n f XSTOtVII ) 


16^ 




100 


FORHATI* (|3A6^* HAS MEAN a * | F* • 2 i 2X , ■ VAR • ■ « i F8* 2 1 2X , « SO • ■ 


165 




I iF6f 2) 


16^ 








1*7 








166 


C 






169 


c 


MISSING DATA 


170 






DO 200 I>lfNTOT 


171 






DO 210 jaliNLCR 


I7t 






IFIVLEARNIJ, I)»6E*0lGO TO 210 


17J 






VLEARNIJi n«X*«EAN(J) ; 


17^ 




210 


CONTINUE 


17> 




2 OA 


CONTINUE . 


176 








177 
178 








c 






179 


c 


STANDARDIZE STUDENT VARIABLE SCORES 


lao 






00 95 jal.NTOT 


161 






00 97 I«l,NliER 


•1 62 — 






IF ( XSTOEV t n-.LT, 0*0001) CtTTO 98 


163 






SLEAPNt I t J)»(VlEARN( I , JJ-XH^ANI H ) /XSTOEVCI ) 


19% 






GOTO 97 ■ ' 


185 




98 


SLEA^NH , J)x:X^EANl I) 


166 




97 


CONTIMpE • 


167 




95 


CONTINUE 


166 








ic** 






WRITE (6|214) 


190 




21* 


FORMAT <*0 »•« STAMOAROIZCO LEARNER VARIABLES ••*•) 


191 






00 215 I»1»NT0T 


192 




215 


WRITE 16*216) lOlI) 1 (XNAMEtJiX) iJ>l|'») 1 rStlEARNIJ.I) iJ«liNLER) 


193 




216 


FOP»*AT (I5itXi*A6il'»(FA*2) ) 


19* 








195 
196 








c 




ALUOCATE SKILLS TO GROUP BASEO*^ON LARGEST NO* ELIGIBLE 


197 


c 




196 






00 350 1*1 fNG 


199 








200 






MAXsO 


201 






00 310 I2«I|NSKILL 


t02 






IF tNUMtXXD.LE.MAX) GOTO 310 


163 






NSKBlI ' 


204 






MAXBNUMtM) 


205 




aiQ 


CONTINUE 


206 








^OT 






IF tMAX,OE»NLr^wlin OOTO 330 


206 






WR2TC t6f320) 1»NL0WII),MA» 



4> 
O 



. . Hot . 



ERIC 



-J- : 



tiz 

>19 
tl« 
fl7 
21« 

tit 
t«> 

195 



♦ • XS OQEATCR THAN • Of STUOCNTS eUZ«IflLC 

330 HUI« fNSI^)«wiiX«*IL owe Z) 
NOSKlLin»NS< 
IF CH,EO«0| NUHINSKiaO 

350 CONTINUE 

WRITE C^iSSl) INOSKILIZ) rlvlfNG) 

351 FORMAT MOSKTLL* ASSIGNED TO GROUPS - •»20I3I 



229- 

930 

231 

932 

233 

93% 

235 

934 

93T 

239 

93» 

9«0' 

t«l 

9*9; 

9*3 

9*4 

9«S 

2*4 

a4T 

9*9 
250< 
991 
992 
9S3 
95* 
991 
9«4 

9ir 

298 

9«' 

94t 



C CALClitLATC mttr> «POXNT FOR EACH OttOUP 

;oo *:q«^X«1vNSicu:L. 

KOUSTbO 

00 360 XI«lt»<d 

IF II^GSKIUCIX] .ME.!) GOTO 360 
KOUMTsKOUNT*! 

■ :::hWO^X. ■ 

360 CONTINUE 

IF fXOUNTaEO.O) GOTO 400 
IF liCCtNT«CO,l) GOTO 3T0 
CALLISCEXJVCU 
00TO14 00 

3T0 00 390 Jsl^NLCR 
XNaO, 
SUHkO, 

00 3B0 IlBl vNTOT 

IF ClSKZiXCIall) .CQtO) GOTO 380 
XNsXN^l. 

SUHBSU«4«^St.E A»N C J t Z Z ) 
300 CONTINUE 
390 SEEDCJ.N8N0)bSUH/XN 
400 CONTINUE 



OUTPUT GROUP MEANS 

POEST»P,0 

KKK30 
450 CONTINUE 

wqirr (6 141 01 
410 FORMAT C«0^«** MEAN OF EACH GROUP 

00 420 I«1^N0 
420 WRITE f4*430) I, CSEEOCJtX) iJ'ltNLCR) 
430 FORMAT! »v««ROU» • « • 1 2i 13 ( F7i 3)) 



i 

'A 



I 

i 



IP 
4> 



402 



ERIC 



»«« 

M 

t«4 

2»S 
M 

.t%7 

270 

J7l 

27t 

t73 

27* . 

»75 

t7«v 

27* 
tB» 

tax: 
2SZ: 
2e3 
2»* 
205 
2«ft 
2«7 
2B9 
2«9 
299 
^j-2»l. 

29S: 
29fc 
29T 
29« 
299 
309' 
3 OX 
303 
303 
30« 
30S 
30* 
307 
MB 
309 
310 
311 
312 



ASSZON STUDENTS TO SEED POIMTft 
TDISTiO.O 
TSSWaO.O 
.WRITE t6i«70) 
♦70 POOMAT t»0 ••• STUDENT GOOUP ^SSJ^NMCNTS > 
DO 500 I"IiNTOT 
NSTUNOtXIaO 
DO 490 J"1|NG 
NSKsNGSKlLtJ) 

IP (ISKILL(NSK,Z)«EO*0) OOTD ♦^O 
. X%OXST LSLEARMdi X) »SeCDf li J) iNLCRI 

IP (NSTUNO(XI,EO«0) GOTO *aO 

IP (X,GT«XDXST) OOTD *90 
A90 XOXSTaX 

NSTUNOtt)"J 
*90 CONTINUE . - 

XP INSTUNOtXt.EOtO) XDXSTsO.O 

S0XSTH1«X0XST 

J«NSTUNO ( X > 

IP IJ.NE.O) XDIST 

T0TST»TOlST*xni5T 
' TSSWsTSSi'^XDIST^^e 
5O0 CONTINUC 

wmTE .Cfci*95» ( XiNSTUNOtl » .SOXSTt I) tl«l iNTOT) 
495 rO«M6T 'C3I7X, "STU «»^X3|* AS6 TO • i 12, • W» DIST 



■ OIST |SUEAAM(l,I>tSEEO(liJ) iNLCR-NSKlUL) 



m 



c - — 
c 



COMPUTE MEAN AND VAR* OP ALL GROUPS 
00 600 gal |N0 
00 590 X"liNLER 
SUHnOtO 
)<NaO«0 

00 580 IX"1|NT0T 

Xr (NSTUNO(Xt) tNEtJ) GOTO SSO 

SUHnSUH^SLEARNailX) 

S0O CONTINUE 

Xr IXN .LT, 0.5) XNsWO 

SEEOtXi J)«SUM/XN 
S90 CONTINUE 
600 CONTINUE 

IP tKKK.EO.OI VaTDXST 

IP IKKK.NE.O) V«AaS(TDIST-PDX5T) 

PDIST-TOIST 

XHSSwbTSSW/PLOAT (MT0T-N01 

WRITE t6i620l KKK|-TD|ST,V,TSSH.XMSSW ... 
«20 roRMAT {•OPOR ITERATION H I2» * TOTAL OXST^NCE • •,r7.3i 
1» DIPPERS PROH PREVIOUS BV »iF7.3i 

8 /,5X,»T0TAL SUM OP SQUAW MJTHIN • •»Pa«2f 



313 

317 
3U 
Jl« 
310 

3ai 
3er 

3f3 
314 
338 
3*4 
3»T 
33t 
, 3M 
339 

iii 

331 
333 
33* 
335 
33* 
33T 
33S 
339 
340 
341 
343 
343 
34% 
349 
344 
. 34t 
34S 
34« 

3S0 
3S1 
3S2 
353 
3»A 
3S9 
3S6 
, 3»T 
3M 
39« 
340 
341 
302 
343 
344 



3 *, HCAN SUM 40UAWC9 WITHIN • • tfT.f » 
Vr cJ,4T.0.001 .WW, KHIt.tC.lLlNlT) OOTO 450 



C OUTPUT 0»<|SSIONS AHO NO. |N EACH GROUP 

WRITE C6»62S) ' ^» 

62S FOPMAT C»l»i» STUDENT OMISSIONS •••• f/) 

DO 630 J»X iNG 
630 M|WOftPIJ)«0 

DO 640 t«l tNTOT 

JJsNSTUNOtt) 

IP IJJ.EQ.O) GOTO 63S 

NlKGftPIJJ) •NiNGftP t JJ)*l 

GOTO 640 ■ 
6:iS U«?ITE (6il3) ID(I» f CXMAMEdlf I) ill«l»*> 
640 CONTINUE 

wmTE (6i6SS) 
665 FORMAT I tOOftP • SKIUL MD. IW OROUPD 

WHITE I6166O) ( J»NGSKIL(J» iNINGRPCJ) »J«l»NOI 
660 rOPMAT Cl4,41t,I4|ax,l4) 

c •"••••^pg^^ ro« opoups ove«uoaOcd 

ASSIGN 6T0 TO IRETN 
jMCOMa.FALSE* 
6T0 CONTINUE 

00 6T5 J«SiNO 

Ir fN>IN6PPU»»GT.NHX0MIJ)) GOTO 677 
67S CONTINUE 
GOTO BOD 



C " COHPU^roIiTlNCEs'A^D riNO FARTHEST STUDENT IN OVERLOADED GROUP 
677 CONTINUE 
X«0*0 

00 6AS J»1|NG 

If tNINORPCJ).LE«NHlOH(JJ) GOTO 685 

00 630 l»l|NTOT 

If tNSTUNOtI) .NE.J) OOTO AflO 

SDIST (I)*OIST (SLCARNdil) |SEED(l|J) iNtERl 

Xr tSDiSTtn.LT.X) OOTO 680 

XsSOISTd) 

IX«X 
640 CONTINUE 
68S CONTINUE 



FXMO ANOTHER OROUT FOfi THIS STUOCNT 



404 



•.,..1.,, :-=.>^,v<rv -^i t^,. 



3^5 CONTINUE 

367 .I'f'O 

31^0 \|»NSTUNO(I)t) 

/ 3^9*^ DO 700 JJ«1 |N0 

IF IJ.EO.JJ) GOTO 700 
3^" IF |NlNGRPCJJ),GE.NMlGHlJjn GOTO 7Q0 

IF (XSKXLLINSK.IX) •EQ,0) GOTO 700 

lit C CHECK FOR XNCOMPATIBLES XN SAKE GROUP 

Ij^ IF {.NOT.INCOMI GOTO 690 

377 00 69S X X»l |NXC 

XsNXCNOSCIX) 
37, XF tX.EQ.XX) GOTO ft95 

" IF INSTUNOCX) .EQ-JJ) «>0T0 TOO 

381 CONTINUE 

mm9 698 C0^4TINUE , 

yv.i.&ist <slearn(x.xx),seeo(iiJJ) (NLCr. 

Ill Xr tiv.NE.O .ftNO, YV.GT.Y) GOTO TOO 

385 XV. JJ 

387 TOO C0«^TINUE 



368 

a«9 

390 

391 C 
392 



396 
397 



v«vr 

CO^/Tl 

XF lly.NC.O) r,OTO 750 



C CANNOT MOVE - SO PUT IN OMissXOMS 

III „o rollW"'7VrolV.i ...13.. H.s BEE. eooTEo CUT or G«P ...12. 

WOITE (6.710) IOIIX),(XNAME(H,IX),n.l.*),J _ 
III 710 roPMAT .ISaX.'.AS.' HftS BEEN REMOVED FROM GBP -'.lai 



NSTUNO(tX)a0 



348 SOlSTllX)aO«0 
3,, NlNGRP(J)«iNINORP{JJ-l 



GOTO 760 



^00 
^02 

*03 , C 

*0<k ' c 

40S 750 CONTINUE 

WRITE (6.755) tX.JflY 



C '-OVE STUDENT AND RECOMPUTE GROUP MEANS 

405 

T55 F;i:tT'r.;i;i.5ENV;;,l3.. is to BC moved from ORP 
^Oa X I2i • TO GRP flH) 

NsTU^O(IX)■XY 
■ 10 NXNGWPtJ)»NINORP(J)-l 
^Jl NINGRPf 1V).NINGRP(IY)*1 

^{3 . 00 790 JJ-l.NLCR 

SU^*»0,0 

his XN«0.0 

DO 7H0 I»liNTOT 



1 



«{0 7ft0 CONTINUE 

''90 CONTIi^UC 

. 760 COi^TINUE 

DO 77S JjBlf»<Uen 

«2t DO 770 X*ltNTOT 

IF (NSTUNOU) .NC. J) GOTO 770 

A3| XN»5fN*l,0 

770 CONTINUE 
^33 SECD(JJtJ)>SUM/XN 
^34 77S CONTtNUE 

*37 C 



A3Q c BECO-PUTE STUDENT DISTANCES 

439 TDXST«0%0 

4^0 TSS-bO.O 

4^j 00 740 I«l|NT0T 

4^5 SDISTU* «OtO 

4^3 J«NST«JNOlt» 

444 tr IJ.EO.O) GOTO 7<»0 

4^5 S0ISTIX»«DXST t SlE ARM ( 1 . I > , SEED ( I , J» i MLER) 

4^^ % . DXST (SLEftRNClcX) iSEEDIl,JJ .NLER-N5KILL) 

447 TDIST«T0IST4X 

44e Tssw«TSSw*)(*«a 

449 SDlSTa)»J< 

4*0 CONTINUE 

XMSSWaTSSW/FLOAT CNTOT-NG) 

4^2 WRITE C6|745» TDX5T,T5SW,XMSSW ' 

^11 7*5 FOOMATJSX.tTOTftU BIST. ■ •,F7.3,» TSSW • •,re.2,t MSSW • * $fy .t} 

49(» GOTO IPETN 
*95 



4S6 

457 C 



45Q C PROCESS INCONPftTJBLE STUDENTS IN SIMILAR MANNER 

499 aOO CONTINUE 

460 :ncom«.truc, 

46J RLAD iSiBlOiFMOR^OO) NlC.NICNOS . , 

462 FORMAT (t2flOX4) 

443 hRITE (6.aiS> CNXCNOSdl il»l|NlC) 

464 615 FORMAT C • OINCOmPATIDLE STUDENTS ■ •» 10X51 

465 IF (NIC.LE.n GOTO 800 

466 00 XaliNie 

467 00 aZO J"lf^*TOT ^ 

46a " IF txo(jJ .CQ.NxcMOscxn ftOToass Jn 
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*69 


920 ( 




*70 






*7l 


022 J 




472 


• 1 




473 


025 1 




474 


O30 




475 






476 


060 




477 






476 • 






479 






480 






481 






462 






483 






48% 


035 




485 






'48* 






487 






488 






489 






490 






491 






492 






; 493 






494 






49S 


aso 




496 






.497 






496 


840 




499 






500 






50 i 






502 






503 


c 




504 


900 




505 






506 






507 






508 






509^^ 






. 510 






511 






512 




407 


513 
514 
515 
516 
517 
■ 516 
519 
520 





URITC (6f822) NXCNOSIt) 
f6pM4T !• NO STUftCNT ID •>iX*> 

0OTO BOO 



DO 840 s;»l |N0 
KOUNTaO 

DO 83S ll»li»iIC 
I.MCNOSUl) 

IF INSTUNOtD.NE.Jl GOTO 835 
K0UNT»K0UNT*1 

SDISTID^DIST tSLCARNIl.Xi ,SECD(ltJ) iNLERJ 
CONTINUE 

IF (KOUNT.Ue.U OOTO 040 

x»o .6 ; 
ix«o ' 

DO BSO II»l |NTC 
I.NICNOSIXXI 

IF INSTlJNO r I I .NE* J) * GOTO 050 
IF. (SOIST (X) •LT.X) OOTO 650 
X-SOIST ID 
XX>I 

CONTINUE 

ASSIGN 060 TO IRETN 
GOTO 690 
CONTINUE 
GOTO BOO 



OUTPUT riNAU TOTALS ANO LEAVE 
CONTXMUe 
00 9S0 JsliNA 
NSK>NCSKIL (J) 

WRITE < 6, 9101 JiNSK, |SKNAME(JJ,nSK1 idJ«l |3I iNINOftP(J) 
FOPHAT (il,»,VPPOUP »J«,l2i»i SKILL I* » i 12 1 2X 1 3A6 i / i 

1 I NUMBER OF STUDENTS RECOMMEK'OED ■ •tt3i//i 

2 • STUD « • i lSX i t STUOENT N AME » » I OX, » DIST ANCE • , / J 
00 940 I»l ,NLER 
SUMSOaOkO 
5UM«0, 0 
XNxO.O 

00 930 II«lfNfbT 
ir tNSTUi^OlXT) .NE.JI OOTO 930 
SUH>SUH4>SLEARN ( X > XT ) 
SUHS0S3LCARN 1 1 , 1 1 ) ••Z^SUMSO 
XNbXN^UO 

IF M*Ne*n 90T0 936 



mm 



sal 

MS 
MA 
Mt 
9«« 

•30. 
931 
99M 
»33 
53* 



tOX ST ( X X I aPIST i St.CA»r«i 1 » X X I . SttO U • i NLCf> I 

WHXTC l6tM01 XO«m f t«l**»«liW»XII i%W*»t^l .tOXStlXX) 

•to roi»«*T it«»x*»*«f***» Mtrr.si 

930 CONTXNUC 

If IXN .LT. 0.51 «M«X.* 
XHEANI II •SUM/XN 

XVAR I X ) •*BS |XN»SU»«SQ-SUH»*2I / l¥N#«2l 

XSTDEVII>«SO'JT|XVARai ) 
Xr II-EO.U WRITE I6f70) 

WBXTE I6,10pl lLVMAHeiJJ,XlfJJ«li3lrXMe*NIXliXVAB|X>,XSTDCVlX| 
9^0 CONTINUE 
•SO COMTlNUe 

CALL EXIT 

CNO 
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I C-— - SECO ^OINT NOUTXNC - AL^OHXTMW C 
2 

) SUIIROUTZ^«C SEFOr (MSK) 

4 PABAHETEH HAX0>>P»l5|HAXSTU"ia0,MAXSK»lS|MAXLV»30 

5 COMMON SLCARN (MAXLVt MAXSTUI i ISKXUL ( MAXSK , MAX5TU I , 

t * NLOWCHAXGfiP) , NHXGH(MAXPRP) , NO , NSKI UU , NUER » NTOT , HEISHT 

r COMMON /SEED/ NOSKIl. IMAXORPJf SEED < MAXt V .MAXORP I , 

0 ♦ sdist (kaxstu)f nstuno (haxstu) 

9 dimension: mpapt cmaxgpp) 

10 

11 

12 C 



;rV 13 C FIND g-STUDENTS W, GREATEST PAIR WISE DISTANCE 

1« NSTUlBl 

la NSTU2JCI 

. I* DH«X»6 .0 

r^!^ IT DO 10 IkI »ntot 

ta IF (iSKILLfNSKin.EOtO) OOTD 10 

i» NN«I*l 

90 DO 15 IIBNN,NTDT 

' 21 tlSKIUL (NSKi XX I .EOf 0) GOTO jS 

22 XaOXST ISLEABMIJ,!) ,Sl.EARN(l,Xn iNLER) 

P}c-. 23 IF (X.LE.OMAXJ GOTO 15 

^ . N sxuj 



i5 SSTiJ?eII 

26 DHA)(:X 

2T 15 CONTINUE 

2S 10 CONTINUE 

29 WRITE (6ilT) NSK,NSTUl tNSTUZfDHAX 

30 IT FOPMAT ( •OSKILL »*tlZt*t 1ST STUDENT « •»X3»l| 2ND STUDENT ■ 

31 ' 1 13, », DIFFERENCE ■ <»F9,3J 
32 

33 

3A C 



35 C CONSTRUCT A TABLE. OF STUDENT DISTANCES 

36 NELlCiBf) 

hv - 3T DO 100 I"ltNTOT 

36 IF ( ISKlULINSt^iI) .EO.O) GOTO lOO 

vc 39 Xa^IST ISLEAP^J (ItDi SI.EARN ( X , NSTUlJ » Nl.ER> 

^ ; \0 IF (NELIG.EQ.ni GOTO 30 

^it;: 4l 00 20 iNFl.IG 

J 'A 42 IF |X,LT.SDIST(XX)) GOTO «0 

1 AJ 1/ *3 COMTIMUE 

^ 30 5DIST|KEUIG*1)»X 

if' «9 NSTUNOJNELIG*!) ■! 

f^^; GOTO 90 • 

fi^ : " *7 ' 4 0 NSTU2«I . 

49 DO 50 III«XX,NEHO 

. 4% TEMP5S0IST (iin 

?tv so SDIST (I IX I -X 

> • SI ., X.TEHP 

S2 . NTEMP.NSTilHOdlll 



NSTUNOf IlXl«NSYUa 

IOlSTIN€Llft*ll«X 
N9TUN0 INELlft^l ) "NSTUt 

loo CONTXStif 

wRxrr (A»eo) rsoiSTCi) iNStuno«I) ii«liNEtxo) 

60 r0R'«*r f5(2)(|F9,3teXiX3> > 



C SUH THE LOWER GROUP LXHIT3 

SUM«0>0 
CO IX? I•1»^!0 

IF iNSSKXL(t) .NE.NSK) GOTO l\0 
SUMaSUM*rLOATINtOWIX) > 
110 CONTXNUe 



c — - 

C ESTABtXSH A PARTXTIONXNG 

MEOSKaO 
DO 120 X«lfNG 

ir (iiGS«Xtl X) .NE.NSK) GOTO 120 
HEOSKsNEQSK*! 

P0BTf4« irtOAT C'^LOWtll >/SUM)»rtOfiT<NELXG) 

~ |PORTM»PO»TN 

lf{ «PORTN-IPOPTN» .GE.O.SI X PORTN«I PORTN* 1 
MPART«NEQSK)«IPORTN 
120 CONTSKigE 

C .K- 

C BALANCE THE OftRTlTXONS 

WRiTe (6il35) NSK 
13S roc^AT l»0 ••• PARTITIONI^JQ rOR SKXtL ««|I2»' •♦•<» 
WRITE (6,1*5» NELXG, INPABTC J» iJal iNEOSK) 

roa>'AT M COMPUTED »ARTITXOr^ WXTH <,X3i< STUOCNTCI 4|10(I3t2X)) 

DO 1^0 jaliNEOSK 

^iSUMso 

DO 130 X«1«^E0SK 
1 30 NSUHzistSUH*NPART ( X I 

Xr INSUH.EQ.NEtXG) GOTO 150 

ir cKsuM.aT.NEtxo) npartu)«npartcj»-i 

IF (NSUM.LT.NEtlGI NPART CJ» •NPART < J) 
140 COMTINUE 
ISO CONTXNgE 

WRITE tftilSB) NELXG, (NPARTU) «J«1 iNEOSK) 
199 rOHMAT !• MLANCEO PAHTITXON WITH «»t9t> ITUOEt^Tflt t,lftlt3.2X)) 

triNSUI».NC«N€tX«l STO^ 
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l^* 

107 
IDB 

no 
111 

112 
U3 
11* 
IIS 
116 
UT 

n« 

ito 

121 
122 
123 
124 
125 
126 
127 
12S 
129 
130 
131 
132 
133 
13* 
12S 
136 
137 
136 



C 

C SELECT wlD-POINTS 

XB(lwCLX0^1)/2 
XI«fNELlO«2)/2 
Xl»SOXSTlX)-SnXST(l) 
ySaSOXSTlHCLXOl-SOXSTdXI 



c rxNO HE4N or each partxtxon 
xx«o 

00 200 X«liNO 

jr CNOSKXLIX) pNE.NSK) 0OTO.200 

NEQSKaNCQSK^l 

NNsN^APT (NCQSK) ♦II 

NaXX^l 

NlaN 

IFIXl .LT.X2) GOTO 160 
,N2«fJELX0*l-N . 
Nl»MrLXO*l-NN 
160 00 190 Kal.NLER 
, yN«0. 

00 i«o j«ni,Np 

JJs?4STUN0(JI 

SUMaSUH«SLEARN(K| JJ1 
ISO XNsXN^l • 
190 SEEO(K,XI«SUM/XN 

XX«NN 
too CONTXNUe 

RETURN ^ 

4 i 1 



O 



ERIC 



ERIC 
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APPENDIX D 
COMPUTER PROGRAM FOR GROUPAL D 



v 



a,- 



• COMMON LSLEARN |H<HCi, *s •*M5nJ!;i>i,TSK|LL I NAXSK , MAX8TU » , 

9 ♦ NLOW(MAXGRP / ri<|Wl>**#^ll^>i N0iN3<ILL.NLCH,NT0T,WEI3HT 

4 COMMON /SEEO/ NGSK-tv 2^AXf|IW»ff • 5HE0 (NAXLVrHAXOBP) . 

T ♦ SOXST (MAXST6* ; <M«X5TU) 

• DIMENSION XNAME(4**»^*TU|,^^«^f<N4HftXLV,MAKSTU» 

• DI^^NSION XOfMflXSrOi 

JO DIMENSION XM^ANIHaicx , ^^XLV J i XVAt^lMAJai*) 

»l DI^'KNSION NUMtCMAXSrtt' 

DIWEMS'ION NSKNOSIf««^-: ; t^MUVNOi 

13 INTEGER SKNAMt;r«-f^V\^^^ 

14 DIMENSION NINGBPI»*<^^.^% 
is DIMENSION NICN0S(X4^' 



1* 



DIMENSION NGELIO :*4'*'l*fe*'r 



^7 LOGICAL INCOM.SJZE: 

I* - — - 

J, C — — - — 

C INPUT ANO ECHO PA^*- (fc**.- 

M WRITE t6i I) 

23 1 FORMATf • J • I •GO0UPI^ ' ^^OI*^^T*^^' •/•1X|20( «-M i/» 

PEAD{S,R)NO,rJSKILL, tt^*»-.HT<'95J'*^'«E16HT,ILIMIT 

2^ S FORMAT a2» IX, 12, IX, J JCv^jS^^UC^F* i ? 1 IX , 1 2 1 

' jT WR1TEC6,3)N0,»4SKILL :f-«-^'*.tMTtC^weiGM7 Y . 

fi;-^"''^^- 2* 3 FORMAT ( »ONUMRFR OF.^'S^^ » "fia,/, 

X I NUMRFR or t -^nUilV-enNSIDEREO a i,!?,/* ^ 

. 30 2 • NUMB^^H OF .2Ji&:»^aS^?^v VABIA*iLCS CONSIDERED • Sia,/! 

■f--! ■ ■■ ' 3« 3 I NUM3fiR ■/OF-'ir:?^?"'?C;ici^ »«,I3f/i' 

3, 41 WEIGHT AFffUil*'^ TC SKILLS • »,F5«2f/J 

33 IF aLIMlT.E9»0» 

'/,■■>■ 3* 

39 REA0(5|4)K,L.'',N 

34 * F0PMAT|<»I1J . - 
.37 IFJK,E0,l)WRITE(6i5;) 

5 FORMAT ti ELiGIBILTTV SKILLS TAKEN INTO ACCOUNT') 

39 IF (K.EO.O) WRITE <6ffr)) 

, 6 FOBI^ATI* ELIfilBlUTV ??an SK-tCCS NOT TAKEN INTO ACCOUNTU 

41 IF(L.E0.I)WRITE(6,7S) 

T FO«^AT(» LEAPMER VAHjI**»i.(!:S TAKEN INTO ACCOUNT! ) 

43 IF|L.EO.0)WRlT£(6fB5 * . 

•> 8 FORMAT(i. LEAHMER VALUABLES MOT* TAKEN XNtD ACCDUNTD 

A« IF (M.CO.I) WRITE (6,9:1 

/I ^ 46 9 FORMAT (I MORE THAN ^ONE (PmiB'>'*V-SrUOV T*€: SAME SKILL' » 

1 ^ 47 IFJM,EO.0>WRlTE(6,m)) 

FORMATri ONLY ONE GRaU^-««»^STUDV A PARTXrCULAR SKXLLD 

A9 IF(N.E0.l)WRITEI6,2ilir 

gj 2) FORMAT (• SEED POINTS^fWaHBBWll^S COMPUTEOffi 

«l IF CN.EQiO) WRITE (6,22) 

sa , 22 fopwatc sced points r%^ ww <it l » r specif igg^> 



EKLC 



r 



lOrOAMJtT 120X2) 

whxte: iNtowfX) iNnxoHii) ,x-1iM«) 

l9^rO;tHft!r( I OOROUP RANGES m p » 1 0 ( 2X3 ■ 2X ) ) 



NSU>««0 

KL0W«99 

00 20 I«liNO 

N5UM3M5*JH^NL0W I X ) 

HSUM«HSUH♦^4HX0H IX) 

ir iNLOwci) •gt;,nmxgmi I) I wRrrc i6,ifti x,NLown) .nmxohiX) 

16 FORMAT l» XNVALIO RONOt GRP' « • i X 2 , • LOW « 'iXai'* HIGH • t,X2) 

XF (NU0WIX» .OT.KLOW) MRXTE f6iia) X;»NLOW ( I ) i KLOW 
18 FORMAT |» SEQUENCE ERROR GPR #»iX?«" CURRENT LOW « '» 
I X2i>i PREVXOUS UOM « tttZ) 
i^LOW nt NLOWIX) 

20 contxnuc 

XF|NTOT»OT.MSUM.OR.NTOT»LT.NSVJH) WRITE 16,30 )NT0T 
30 ifOPMATIi RANGE SlZrS 00 NOT COPPtSPONO TO TOTAL NUMBER OF STUOEN 
l'iX3i 



READ XN SKXLL AND LEARNER VARXA9LE NAMES 

READ tSiio) (MSKNosfx) iiKi ■m*;kxll) 

WRXTE (6iieS) INSKNOSIX) ilalfNSKXLL) 
i8S FORMAT I'OSKlLLS CONSIDERED « ',2013) 

READ tS,lA) f^LVNOSIX)«I"liNLrR) 

MPITE C61I8T) INLVNOS(X) iTaliNLrR) 
XBT FORMAT I'OLEABMER VARXABLES CONSXOEREO ■ 'laolS) 

00 ITO X»l iNSKXLL 

RCAOtSi laO) (SKNAHEt J| X ) i«J«li3) 
XBO F0PMATC3A6) 
170 CONTXNUC 

PO 17S l»liNLFP 

HEAD (Si 180) ILVnAME|J,X) iJaliSI 
175 CONTINUE 



READ XN SEED POINTS 
XF tN.EQ.l) GOTO 190 
00 195 X"li^iG 

READ ISil97) tSEEOIJ,!) iJ-liNLFR) 
197 rORHAT |XtP4»t) 
\9S CONTINUE 




415 



195 

to* 

110 

HI 
UI 

1X3' 
11^ 

li« 

IIT 
US 

119 
120 
121 
12> 

123 
124 

125 
126 

127 
128 
129 
'1*30 
131.., 
132 
133 
134 
13S 
136 
137 
13S 
139 
1*0 
141 
142 
U3 
144 
145 
146 
147 
140 
149 
ISO 
ISl 
152 
153 

15*-r 

15S 
156 



t«9 COiWPTMUC 

X4 rfOHMttT r>^0*'^*9X» tiTuOCM^ («ecoRosn 

IT rTSW«T|«Oi*S. 'STUDENT fN*PC:» i9X, • VN AC 

1» SO SM StX»;,» 1 2 3 4 5-6 7 6 mimLU3S3S3l^9 /} 



ifT 51 50t» 



RISJCaj:3N :S«or«NT BECOROS 

ocnais x«iiVw.iroT 

Rewt5 „i2!t:tDiri ) » i xn»hc ( J 1 1) » J« i , * ) » ( v le ah n ( • j«*.ia ) • 

I IT^rtLUt^t VltJ*! » 141 

12 FOB«»T e{l«k.tlXv|4A6»2X,9F2.0 ,r3,4 , lX,;F2,0,Fl«0»Eat,iil4X:lJi 

tai^anrEeSfXSJTOd) » (xKAMEU»X)*»^«if4n » {vleamnjj^puU |j«i^i:a) i 

I (ISfClLUCiJt X» t J»l» X4> I 

13 rt»»MATeTOtlX,4A6»9F*,0»F5*l,liX,F*.:OJt.2X,F2.0V3facr2) 

IS continue: 



LEFT-JUSTIFY SELECTED SKILLS AND LEARN£P VARIABLES 

002Z250 IxliNTOT 

00:220 ;Xr«l,NL£R 

KK«NLVN0S(1X:I 

' XF- IL.,EQkO»- -VLEAH^ tKKrI) "CO 

220 VLFAON(M»X)«VLEABN(KK,X» 
....... J j-nLeb 

00: 240 1I«1,NSKIUL 

KKxNSKNOS ( X X) 

ir (K.EOtO) X5KIULI«<.».XlMi 
XSac I LL^I I X » X ) «'X S< HU.«*W« t X ) 
^Mi^JJ^l 

YtiE ARN IJ J , I )ai*fLOAT;C:lS<lLL.(KK 1 1 ) ) 

CS pno KK«l»-3. 
230 liWWflME (K« » JJJ:«SKNAHE iKKiX X ) 
240 CONTXNUE 
250 C0*3TINUe 

NLEW3NLE«*NS^XLL 



CAi.CULATE Nu^RER OF STUOEMITS ELIOXBLE FOR EACH SKXLL 
WRITE <6il30) 

130 FOB»AT (•0NU»-9ER OF STUDENTS ELXOIPLC FOR TH£" FOLLOWING SKILLS 

DO l<*0 jBliNSKZLL 
'NUM( J) sO 

DO 150 XaliMTflT 

NUH ( J) xNUM( J^^ISKILL t Jil ) 
ISO CONTINUE 

WRITE(6,16Q|4SKNAMC(II»J) ill.l«l»3) ,NUM(J) 
160 FORMAT CI X,:3»*.|» 'ilSI 



ERIC 



xnm- 



CftlMHiiATE VAUlANCEf STO, OEV,, 5X1^ l»CH LEARNER VARIABLE 



"70 ra*mm:r ttmummm iX^nNEH VARIABLES » VAR. AND STO, DEV. •••• 

^|.44 OO'l^ad^^fcKS- ^^SVaETT 

j4^, irt(«<ie»»«M»*ni;,^j *UT«oj;50 to so 

ao conttvNUE:: 

ITT XSTgEVtH ■ B fci i n ixv^prcn I 

Jy^ too roH»wi» ivaAAfi m«s^mean • »,r6,ai2X<r^^^AR. • i iFb.ZiSx, 'so. ■ • 

ISO Iff&^l 

l»* ^ 

Ifs 00 isco i«iiNTOr 

144 , 00 210.J»ltNUFP 

147 ZFfVLEAf>MrJtS> .GE^OtEOO TO ^10 

144 VLrA»N|J»It«9MEA«a^t 

149 210 CONiTTlNUE 

-44O 200 CONTINUE 

ltd 



193 C — . — 

194, C STANjO^a^DTZerSTUOENT W^ARIARLEI SCORES 

145 COO 'flS^jn 1 .JCTCr 
14«. DRr-^PT isl.^^^OEO 

197 CxST0EV1IItJ..LT. KJ!tO0.1 ) GOTO 98 

194 1 1 • Jlwtl.VLEARwaSi J) -»CMEAN ( I ) I /^STOEV ( I ) 
)99 as»0 97 

100 9;»:SSS»»»Jf 1 •J»«3« Mi 

201 9r7 CONT INUE 

202 »SXrWTtNUC • 

•0^ «S5IiTC t6t214l . 

845 g^.Tffpi>4»T r»iOv««« ST!«tfBWWDIZgP t^ ^M > «iPirn VARIABLES #••<! 

146 215 t*V#NTOT ■ „ 

14 4 QMHcr us »:i % » 4MttiVMRr ft tanu) 



ii6 



;t09 

9.19 

ill 

212 

213 

tl* 

219 

216 

21T 

2tS 

919 

220 

221 

222 

223 

22* 

22t 

226 

22t 

S3JI 

f2« 

230 

231 

232 

233 

334 

23S 

2^6 

237 

236 

239 

24 0 

2*1 

J4a 

244 

^45 
^46 
247 

;24Q 

249 

250 
251 
252 
2«3 
-;i««4 
I25S~ 
«2S* 
2S7 
:2SS 
■.?'.25» 



ic P»WTIT10N GROUPS BASED ON SWORTEaTt OtSSmNCE 



c — 

C OUTPUT GRtWP *«EAN5 

p.aisTwO#6 

450 ^NTXMUE 



310 420 l»l|NO 

420 ^ITE I6»430) I, i:secoiJ,xi.#.u«i.NitaaBii 
430 TOPMATP apoup *»»l2f 13i^'t;:3ii 



c — 



ii^SttON STtinCK*TS TO SEED POINTS 
TOX5T*0.0l 
TSS»*«0..0 

«urrE J 6 • 47oii 

470 #CI^»T Mfi STUDENT QROUP ASOOOMMENTS *•••) 

ao 500 :i»l.iMTOT 
NSTUSO.i;t>«wO 
DO-4^0 J^l'iNG 

X^OIST jSi:£AR*J(lil) ,SEEOi;l».J) fNlSffW^ 

IF iNSTUMOril) .EOiOl OOTO^*«0 

XF (X.GT.TCniST) OOTD. 4«0 
Alio XOTST-X 

NSTUNOrl)"!^- 

4V0 CONTINUE 

IF {NSTUNO't X) .EQiO) X01S3^«0,0 

SDIST(I)«)miST 

JkNSTUNO II) 

IF t-j.NE.or yoisT » Dissrr tSuEA»Nmrt3i)iSEEoaiJi»NU6*»«ii»iSKtuL) 
T 0 X sT«Tr> is^^ifOtsTr 

tfttrpTIE >*Uti.|4<*S> CI,NSTUM&i5jjaiiTOI:STtniX»liNT0T) 
495 rOff^AT l2irx,9S^\) *»,13>s?' To *tI2i» 0I3T •|T^r23) 



CO«<'UTC »HeAN \N0 VAP% OF ^BPOUPS 



Ov 



gji 9«* COWTXNUE 



tftS 



£98 

299 
300 



303 
30<» 
305 
306 



IF (XN .LT. 0.51 XN-1,0 
SEEO{X,J»«SU«/XN 



590 COwTXNUE 
jj,, 600 CO^TXNUE 

?r IKKK.EO.OI V»T0IST 
JTO l^J^I^E.O. V.ABSITOXST.POISTO 

ill P0XST«T0IST 

)(,iS5W«TSSW/FLCfcTINT0T-NG» 

•T8 I "f^- iei'^sv/H OF SQUARES viorww - '^^"-ll^ 

no 

»i 

sea 



'•3 I *' OUTPUT NUM^.EO ELXOI^^LE JN EACH GWOUP 

^ WPXTE 16.305) II.X.X.NSKXLa.) 

"r 305 FORMAT fiOORP • t,l51%> 

fi* 00 330 J«1.»^G 

III 00 320 l^U^S^r^LL 

III hGELlGtI.Jl=0 

00 310 II«1|NT,0T 

ir (NSTUNOMD-.NE.J) OOTO 31tn 

ir ixsKXLLii,x:x».Eo,o) ooto 3io 

III NGE L X G t X . J > • NGE L X a I li, 

310 CONTX^UE 

CONTINUE^^^^^ a,,NOFLl0.tI,j,.l..|.«»«iL. 
325 FORM^iT l2X,X2^.3atr.lSI*) 
330 CONTINUE 



III C ASSION SKtLLS"T:0 GHOUPS 

III 00 33S I-l,N«"^ 

335 ngsk:liX)«o 

KKKsO 
3<.0 CONTINUE 

1:1 00 3T0 jmUNQ 

III jr tNGSKIMJ)..«tiO> G0T0:3T0 

Ttl 00 360 I«a,,N5KILL 

?J; JF IH.E0.51.) OOTO 35S 

3*2 00 350 XT«l|NO- 



Ul - 




ERIC 
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,j3 I'" INOS«tLnl».M«>» •^^^^ 

ai4 350 CONTINUE 

3!* 3S5 |NOELlO(Ii*/>«l-E-»***> 

3. A MAXsNOELXOl X 

IGsJ 
IS«I 



31t 
31* 



3.9 .360 CONTINUE 

32^ 370 CONTINUE 

NGSKXLiXOIsiS 

322 ' 
323 
32* 
325 

326 C 



351 
3S2 
353 
3S<» 



361 
362 
363 
36«> 



KKKsKKK^l 

IF IKKK.LT.NOl OOTO 3^0 



5*5 C OUTPUT OMISSIONS AND NO. IN EACH OPOUP 

III 625 FoS^AT* STUOENT OMISSIONS ••.!./) 

j3fl 00 630 J«i |N0 

3^1 630 NINGaP(JJ«0^ 

I3J 00 660 I«l,NTOT 

t'^ JJ«NSTUNOtI> 

ill IF IJJ.EO.OI GOTO 63S 

NINGRPi JJ»«NINGRPUJ» ♦! 

• i- GOTO 6<»0 

W 635 WrtlTE t6,l3) tD|X>,iXNAHEIIX.niIX«li<H 

338 6<iO CONTINUE 

VI 6!»S FORMAT! tOORP • SKILL NO. IN GROUPD 

'*? wSlTE l6,660> (J,N0SKIL<J»,NIN0RP<J>.J-1.N0) 

3^j 660 FORMAT f 14 , A^ 1 1 * • i 

343 

3*4 _ 

3*S ^ 

3*6 C 

3^7 WRITE f6i963) 

3*» 
3*9 



3-* INCOHa. FALSE. 

SIZECm, FALSE. 



CHECK FOR STUDENTS NOT ELIGILPE FOR SKILL OF OROUP 

9^3 foJmt'poremove ineligible stuoents troh groups.,/) 

ASSIGN 06O TO IRETN 



960 CC^TINUE 
IXcO 

ycc.o 



3-c 00 970 I«1iNT0T 

jJmNSntNOIX) 
33^ IF UJ.EQ.OI GOTO 9T0 

H»NGSKIL(JJJ 

III IF tXSKlLLCIIiXi.EQ.U GOTO 970 

'*? S0I5T(I).0IST|SL£ARM|1,X).SEE0(1,J).NLER) 
if ISOISTID.LTvXJ goto 970 



XvSOXSTiX) 
IX*! 

9t0 CONTINUE CO 

■■ ^> ■ CP 



; •. ...'It 



ERIC 



I 



39S 
3»7 



400 

^0l 



JJj »XZIC».T«0C. 

F^IaT'roSSoCES. size CONSTRAINTS.;/)- 

3»» . 

^ POB GROUPS OVERUOAOCO 

»SSION fiTO TO IPETN 
\ll 1SC0M..PALSE. 
l^l 6T0 CONTINUE 

t:iNoSpu?.GT.NH,OH,J)> GOTO 67T 
675 CONTINUE 

jti ^oTO eoQ 

J7» 



6TT CONTINUE 

J!I DO l»l.NTOT 

I^ lNSTUNO(n.NE.J> OOTO *«o 

IF tSOlST(n.LT.X» GOTO 680 
?'i XaSOlSTd) 

690 CONTINUE 
IZl 685 CONTINUE 



^ ;7no another group for this student 

690 CONTINUE 
¥■0*0 



IY«0 



J.*iSTUN0(tX) 

tSs • Y, ;^siZE;'::UrSr:'.SpU.I.GE.NHlGHi0.n GOTO 700 

toT TrSHaL;;lsi.lX,.EO.0l GOTO 700 - 

tS^ CHECK FOR XNC0HPAT18LCS IN SAME GROUP ' 

*10 UNOT.INCOH) GOTO 690 

DO 695 1I«1,N1C 

I-NlCfiOSdII 

IF tI.EO.IX) GOTO 695 

IF iNSTUNO(lUEO.JJ) GOTO 700 
l\l . *•« CONTINUE • UJ 
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ERIC 



ir (Iv.nC.o .4N0, vvtOT.vi 6oto too 

«20 'lV«JJ 

422 CONTINUE 

IF aV.NE.OI GOTO 75C( 

Jj* C "*""cZnN0T MOVE - so PUT IN OMISSIONS 

III T20 roiHAT^pI'siuOEi^ .V.I3,. H*S SEEN BOOTED OUT OF GRP 

write: t6|7lOJ lD<IX|,(XNAME(IIiJXIfII«l»*>»J ^ '^^^ 
TIO FOPHAT C15.1X,4A6,« HAS BEEN REMOVED FROM GRP -.I2J 

432 NSTUNOI.IXI «0 

433 SDlSTdXI aO.O 

4-4 N1N&«P« JI«N1N0RP( J>-1 

435 . GOTO 7S0 

4" c MOVE^STUOENT AND RECOMPUTE pROUP MEANS 

440 T50 COWTXNUE V 

T56 ^oiiAT^ MriT..jEiT*iT,I3. . JS TO BE MOVED FROM ORP M 
1 12i • TO ORf> HI |I2I 
N5TUN0iI«>«IV 
NlNf}RPJJ>«NlNOBP(J)-i ' 
NlNGRP(lV>«NlW6RP<IV>*X ^ 



442 
*43 
444 
44S 
4ii6 
447 
44B 



460 

461 



463 
464 



DO 790 JJal|NLEt7 



449 SUMmO.O 

450 JfNuO.D 

4*1 00 7R0 T«l iNTOT 

^Zt IF (NSTONO(n.NE,XV» GOTO 780 

4I3 SUM»SU^^*StEAP^UJiI) 

454 ¥N«¥N*i ,0 

455 T80 CONTINUE 

4n 5EEDtJJ|IV)-SUM/XN 

457 T90 CONTINUE 

45B 

459 760 CONTINUE 



DO 775 JJ«l|NUER 
SUH-0.0 



462 >fN«0.0 



00 770' I«l ,NTOT 
IF <NSTUNOn)«NE«JJ OOTO 7T0 
SUM>SUM4>StEARN(JJiI) 

446 XN«XN*l.O 

447 770 CONTINUE 

4^j SCEOCJJ»J)«SUM/XN 



449 7TB COHTXHUC 

%t» C , ■ 

TOIST>0.0 

♦75 7SSW»0.0 

♦76 00 T40 X"X»»*TOY 

♦77 SOlST!ll»0.0 

♦7ft Js^^STUNOItri 

♦79 ir IJ«EO,0> 607% T*0 

♦to SOXSTdlsOXST. taajeAPNCa»:Xl>SCCO(liJl iNLCRI 

♦ai X > DiSr fSUSMKainlUSCEOIltJI iNLER-NSKlLL) 

, ♦as TOlSTaTDIST^X 

♦«3 TSSM^TSS'^^X**^ 

♦«4i SOISTf 

♦«s . 7*0 contxnue: 

♦«fr XMSSwBTSSit/ya:fW!r«NTQT**i0i 

♦ •7 MPITE f6iT^ TigErSTiTSSWiXflSSW 

««8 T4S FOBMATfSx,»TSttTpri T>isT» ■ 'frT.a," Tssw ■ • t^Bta, • Hssw « •,rT»ai 

♦•9 OOTO XRETN 

■ " *«o . 

♦91 

♦92 C — 

*93 c PROCESS INC^MT^ATraflLt STUDENTS IN SIMILAR MANNER 

♦9<i eOO CONTINUE 

♦9S XNCOM«,T«tlE» 

♦96 PEAO (5Va]I»»€"^^A0> HIC.NICNOS 

♦97 eiO FORMAT OZaSffCUii) 

♦98 WRITE {fivOBISB} :(^a£»RXStX):»X*l iNICI 

*9q 8X5 f'OaMAT t('BCD«rnM«trPIl£E. STUOENTS ■ t|X0I5) 

900 IF INICAJEiJWi GOM-^P 

Ml 00 a3ova»i,*iirc 

f92 DO 820 ..a»X«^TOT 

<$o3 ir 1 101 J) •eawN3s>«a5i(:i3 1 coToaas 

904- 020 CONTINUE 

SOS WRITE |6>»{B225i MTCffOSnri 

822 roQNiAT t-* Na'irruOffNTnFOR xo •<,I4) 

907 GOTO 600 

' 906 B25 NlCN)OSlTl)«J 

909 630 CONTINUE 
510 

911 860 CONTINUE 

512 00 9>k0 .^vl iMO 

913 . KOUNT»« 

91^ 00 635 II-kWNIC 

9XS I«NICmCS<I3JI 

• IF |KSruMq?tXI.»NC*J| GOTO MS 

917 K0UMT«iC0U»'r*V 

9ie sDisTraa^i^iST i«sc£ARNfti.,xi iSCEO(iiJi«**i.CR) 

919 »35 COWTlMOr 



5ft2 
569 



X»Pf 0 

DO B50..tX«l|NIC 



,3. XF tN5TUN0Cn.NEtJ» OOTO 850 

Ii; ' IF tSOlSTir>.LT.X) OOTO S50 

526 XaSDlSTCll ' 

CONTINUE 

Jjj; • ASSIGN 660 TO X«ETN 

532 V GOTO 6S0 

533 SO CONTINUE 

534 ; GOTO 800 



S35 
936 

53; c OUTPUT TXN*L TOTALS *N0 LEAVE 

539 900 CONTINUE 

54Q 00 950 J«I iNO 

NSK«NGSKXL ( Jt 



Iti WPITE .6;;ioi U,NSK,CSKN*MEtJJ.NS«l,Uj.l,3».NXNQRP<JI 

910 FORMAT CI*. 'GROUP ••»X2.S SKILL » • . 12 . HX. 3*6 » / . 
1 I NUM3E» OF STUDENTS RCCOMMENOEO • 
J » STUD ii»,l2V,»STUnCNT N*ME»ilOX,»OXSTANCe»i/) 

5^4 00 OfcO I»l|NL^R 

347 SUMSQ«0.0 
SU^'WO.O 

549 XN«0.0 

■ SQ 00 930 U«l|NTOT 

III IF U'STUNOCin .NE.J) GOTO 930 

»2 SUM«SUH»SLEARN(I»II) 

SUHSC»SLCARN(I,IX»»»2*SUMS0 

'"5-4' ■ XN»XN*I,0 < 

««■ IF II*N£«lt GOTO 930 

III SDlSTIII1.nXST(SLEARNaiIX»,SEE0IWJ).NL£«» 
11* WRITE t6.920) IOtII).tXNAMEtJJ,XX>|JJ«l»*>lSOISTcXX) 

\\l 920 FORMAT CfiX » I * . *X • ♦'^ft • 5X,FT.3» 

559 930 CONTINUE 
560 



IF UN .LT. (i.S) XN»l.O 



J^j XMEANin«SUM/XN 



XVAJ^in«ftBS(XN»SUHS3-SUH«»2)/(XN»»2> 



XSTOEV ( X » •SORT ( XVAR ( I M 

i^,;^'^2:Uor!'LVNASEu!i,i..uu.w3..xME 



565 

54^ 940 CONTINUE 

547 950 CONTINUE 
54a CALL EXIT 



423 



9 

S COHMQM SLCARN IMAXLV f •tAXSTU ) f {SKILL (HAXSKf MAXSTU) • 

* ♦ NL0W(MjtX0AP) V, PWIOHIMAXORPI f NOiNSKXLLiNLCRfNTOTfWeX^MT 
7 COMMON /SeCO/ NOSKIL If A«6RP) « SCCO IMAXLVi HAXQPP) i 

• . ♦ S0XST ;mAXSTU) f N5TUN0 IMAXSTUl 
■9 " OXMENSION NPAPT IHAXCRP) 

If 

11 

la c — 

ta C flHQ 2»STU0ENTS W« CRCATCST PAIR WISE DISTANCE 

< 1* . NSTU1«| 
If NSTU2«1 
OMAXbO.O 

IT 00 10 Xsl.NTOT 

I» NNSI«1 

19 00 IS ZI»NN,NTOT 

a« XaOIST ISLCARMd.I) ,SLEARNIliII)iNLCR) 

21 IF (X.LCtOMAX) GOTO IS 

aa NSTuiax 

O NSTU2SII 
24 QMAXbX 

19 tS CONTINUE 

a* 10 CONTINUE 

27 WRITE (6fl7) NST^l,KSTUa,OHAX 

?• 17 FORMAT ( •OLARCrST OXSTI 15T STUOENT m t,I3,f, 2nO STUDENT ■ 

29 1 I3(*i nirpERPNCE ■ ••F9«3) 

30 

31 

.. * c 

33 ^ C CONSTRUCT A TABLE OF STUOCNT .DISTANCES 

34 NELX6>0 

39 « DO 100 I>1|NT0T 

3ft XbDIST (SlEABn (1«I)» SLCARNdtNSTUl) tNLCR) 

37 IF (NELl6*C0*f«) OOTO 30 

3» DO 20 XI«|,NClIO 

39 IF tX.LTtSOlSTlIIM OOTO 40 

40 ?0 CONTINUE 

41 30 SOIST|NKLXO^n«X 
4t NSTUN0(NCLt6«t ) «X 

43 OOTO 90 

44 40 NSTUSal 

4t DO SO III*II|MELI0 

46 TE»-P«SOXSTIIirj 

47 soiST <iin«x 

, >• _ _ -_?^»T^MP_^,, , ^ ^ „ „, 

'"4f "NTEMPBNSTUNOCtlll 
99 N9TUND(IIt)«N9TU> 

91 SO NSTU2»NTCHP 

92 SDISTtKCLIO^DaX 



to 
to 
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tJ NSTUN0(NCI.I«4n»NSTU2 

59 100 CONTINUe 

S6 Wf^lTE (6tfl0) ISOIST(I) iNSTUNOU) I l«l iNtLlOJ 



Si 

«o c 



41 c SUM TM«: tOWtR G«OUP LI>*IT5. 

62 SUHxO.O 

«a 00 no i»ifNo 

4« SUMsSUH«FLOAT<NLOW|t)) 

45 no CONTINUE 

«a c 



49 C ESTAPLZS>4 A PARTITIONING 

70 NEOSKsO 

71 00 lao I>l|NG 

72 NE0SKBNE0SK41 

7 J POPTNB t FLO AT I NLOm f I ) } /SUM I vFLOAT ( NELIO ) 

74 iPORTK-ePORTN 

75 IF { (POCTN-IPOPTNI .GE.O.B) IP0RTN«IP0RTN*1 
74 NPART (SF.OSKJ «tPO«TN 

77 120 CONTINUE 

7§ 

79 

ftO C 



91 C BALANCE THE PARTITIONS 

82 MRITE (6tl35l 

43 13S FO?>MAT I'O GROUP PARTITIONING ••♦») 
04 WRITE I6tl<^5) NELlOi (NPAPT( J) I J»ltNEOSKt 

49 145 FORMAT C» CO»<PUTEO PARTITION WITH •fI3|» STUDENTSI i|10a3|2X|l 

44 DO 1^0 J>liNr0SK 
47 NSUMro 

49 00 130 I>liNEOSK 

4f 130 NSUM«NSU^*NPAOT ( U 

90 IF (NSUM.EO.NrLIG) GOTO 150 

91 IFINSUM.GT.NFLIG) NPART « J ) «NP ART ( J ) - 1 

92 IF(NSUM.LT.NEtIQJ NPART J J) «NPART ( J 1 ♦ 1 

93 140 CONTINUE 
9« 150 CONTINUE 

95 WRITE (6il551 NtU IQ i (NPART ( J» i J«l i NEQSK) 

94 155 FORMAT (» BALANCED PARTITION WITH (tlSii STUDENTSI i|10(I3|2X)| 
97 IF (NS'UM.NCNELIO) STOP 

9» 
. 99 

199 C , " *r — - — — — — - - — — 

101 C SELECT MiO-POtNTS 

X02 A 9 rr i.cNELio*n/a 

. J II««NCLia*2)/> 

104 Xl«SDIST(n-SOISY(l) 



EKLC 



lOS 












lOT 

tot 










s«« 


C 


FXMD MEAN OF EACH PARTITlOM 


no 




NEOSK«0 


tu 




11«0 


111 




00 200 I«l iNO 


113 




NEOSKaNEOSt(*I 


11« 




NN«NP»RT INCOSK) ♦IX 


tis 




N«IZ«1 


tl« 




N^•^N 


IIT 




NI«N 


11* 




iriXl.LT.)(2l QOTO 160 


lit 




N2«nElX6#|-N 


120 






Itl 


1«0 


00 190 ««l|NLCR 


Iti 




XNaO. 


123 






124 




00 160 jaNliN? 


12S 




^JJ«^STUSOCJ> 


12« 






12T 


IBO 


XN«XN«1 • 


12* 




SEEOCKf Z)«SUM/XN 


I2« 




IX»,NN 


130 


?00 


CONTINUE 


131 




PCTVRN 


139 . 




tMl 
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J C- DISTANCE rUNCTlON lUNXEXOHTtO) — — 

? FUNCTION DXSTI^OXNTl^aiNTafKOORO) 

J DX-CNSION PDXNTH8)fP0XNT2U) 

m SDXF50«0,0 

4 DO 220 X»liKDORO ^ 

J DIf »(P0INTllX)-PDXNT2an 

g DxrsQ«o:r»«2 

« 220 SDXrSO»SOIFSO*DXFSQ 

D1ST«S0RT(S0IPSQ) 
J J RETURN 
1« END 

-JJ c DXSTANCC FUNCTION (WEIGHTED) — - 

ruNCTlON DXST IPOINTX tP0lNT2|K0DRD) 
j; pi2iJ€?tR iAiGRP.l5,iAXSTU.120 

J-nui-n^ F»nN IMAXLW. MAXSTU) • ISKXLL (MAXSK i^AXSTU) , 
.^^"''^'^ SLoSiMAXoSS^" NHl"^^^ r.O,NSKXUpNLCR.NTDT,WEXOHT 
J: OIHCNSXON P0TNT1(2) .P0XNT2«2) 

SDXFSa»Ot0 
li OD 220 t»l|X0ORD 

•* OlF«t«»0l^*Tl(n-P0INT2Hn 

IF (l.GT.iNLER-NSXlUU)) D XF«DX F» WEXOHT 
2. DIFSO«01F««2 
*J 220 SDXFSO«SOXFSQ4DIFSO 

1^ DXST.SORTiSDXFSQ) 
23 RETURN 
29 END 
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APPENDIX E 
CITE LEAimiNG STYLES INVENTORY 
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LEARNING STYLES SURVEY 

INSTRUCTIONS! Read the statement carefully and mark out the number in 
parenthesis that best agrees with how you feel about the 
statement. 



SAMPLE STATEMENT: 1. 



I would rather do schoolwork in the afternoon than in the 
morning. 

On your answer sheet there are four (4) possible responses ranging from 
"most like me" to "least like me". Select the response that best describes 
the way you feel about the statement and mark out the nuntoer in the 
parenthesis . 



M)ST 
LIKE 
ME 



LEAST 
LIKE 
ME 



(3) 



(2) 



(1) 



A numticr "1" response would mean you very much prefer co do schoolwork in 
the morning. There is no right or wrong response; only the way you feel 
about the statement. You may have all the time you want so please respond 
to tjvery statement. Jtow, if there are no questions, go to your answer sheet 
and wo will begin. 
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laABNING STYLES 
FORM C 



1. When I tnako things for my studies I remember what I have learned better. 

2. Most of the things 1 know I can write about better than I can tell about. 

3. When I really want to understand what I have read, I read it softly to 
«yself . 

4. .2rget moredone when r worlc«aitone ; 

5. r xexnember: what I have reaaaibetter than what I've heard. 
6-. I would rather tell a storyrthan write it, q 

7. When I do my problems in w head, I say the numbers to myself, 

a. I enjoy joining in at classrmeetings. 

9. I understand a math problcsa^that is written down better than one I hear. 

10. X:do better when I can write the answer instead of having to say- it. 

IL., I tunderstand spoken directions batter than written ones. 

12. I like to work by myself. 

13. I would rather reafVa story, than listen to it read. 

14. It's easy for me to' toll about tho things I know. 

15. Saying the multiplications tables over and over helped me remember 
them better than writing then over and over. 




onet +0 eacV\ .J^k / ^^^^ P^3^ 
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16. I prefer to iiork with a group when there im work to be done. 

17. I understand - avaat^fe :Erobl«n thatas written down better than one I hear. 

18. Writing a spelling«word several -times helps me remember itJbetter. 

19. I remember things :tinear better than things I read. 

20. I learn best when I study alone. 

21. I would rather read:^things in a. book than have the teacher tell me 
about them. 

22. I feel like I talkssmarter than I write. 

23. When I'm told the pages of riy homework, I can remember them without 
writing them down. 

24. If I have to decide. something, I ask other people for their opinions. 

25. Written math problems are easier for me to do than oral ones. 

26. subjects which cali-for doing projects or displays are easy to learn 
about. 

27. I don't mind doing^written assignments. 

2,8. I study best whou no one is around to talk or listen to. 

29. I do woU in claflSQS where most of vho Information has to be read. 
30. If homework were oral, I would do it all. 




once +0 eacVi 
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31. <^al math te«t« with oral answers are. oa«i*r for ^^^^ ; 
32,1 can learn more about a subject if withia small group .of stsidents . ; 

33. Seeing, a number makes n»re sen^^^ 

34 . I like to make things with my hands 

35. I like testa that call for sentence completion; or written answers ♦> 

36. I understand more fro© a class discussion than frcmt reading TatoK^ subject, 

37. I learn better by reading than by, listening. 

38^~^ Speaking is a better; way than writing if you want someone to uratestand 
what you really mean. 

39, Numbers I hear make more sense to me than numbers I see. 

40, I like to study with other people, 

41, Seeing the price of something written down is easier for me to under- 
stand than having someone tell me the price, 

42, I understand what I have learned better when I am involved in making 
something for the subject, 

43, Sometimes I say dumb things, but writing ^'^jaewsi^ tsne to oossact myself. 

44, I do well on t;ests ±£ they are about things ai:J«rd in class. 

45, I can't think as well wten I work withiscmeoneielse as when. I warkjalone. 
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KAME 



(FIRST) 



(LAST) 



MOST LIKE ME 




LEAST 


LIKE ME 


MOST LIKE ME 




LEAST 






1. 


(1) 


(2) 


(3) 


(A) 


2A. 


(1) 


(2) 


(3) 


(A) 




2. 


(1) 


(2) 


(3) 


(A) 


25. 


(1) 


(2) 


(3) 


(A) 




3. 


(1) 


(2) 


(3) 


(/») 


26. 


(1) 


(2) 


(3) , 


(A) 




A. 


(1) 


(2) 


(3) 




27. 


(1) 


(2) 


(3) 


(A) 




■Jv 


(1) 


(2) 


(3) 


(A) 


28. 


(1) 


(2) 


(3) 


(A) 




6. 


(1) 


(2) 


(3) 


(A) 


29. 


(1) 


(2) 


(3) 


(A) 




7. 


(US' 


(2) 


(3) 


(A) 


30. 


(1) 


(2) 


(3) 


(A) 




8. 


(1) 


(2) 


(3) 


(A) 


31, ' 


(1) 


(2) 


(3) 


(A) 




9. 


(1) 


(2) 


(3) 


(A) 


32. 


(1) . 


(2) 


(3) 


(A) I 


f 


10. 


(1) 


(2) 


(3) 


(A) 


33. 


(1) 


(2) 


(3) 


(A) . 




U. 


(1) 


(2) , 


(3) 


(A) 


3A. 


(1) 


(2) 


(3) 


(A) 




12. 


(1) 


(2) 


(3) 


- (A) 


35. 


(1) 


(2) 


(3) 


(A) , 




13: 


(1) 


(2) 


(3) 


(A) 


36. 


(1) 


(2) 


(3) 


(A) 




lA. 




(2) 


(3) 


(A) 


37. 


(1) 


(2) 


(3) 






15. 


(1) 


(2) 


(3) 


(A) 


38. 


(1) 


(2) 


(3) 


(A) 




L6. 


(1) 


(2) 


(3) 


(A) 


39. 


(1) 


(2) 


(3) 


(A) 




17. 


(1) 


(2) 


(3) 


(A) 


AO. 


(1) 


(2) 


(3) 


(A) 




18. 


(1) 


(2) 


(3) 


(A) 


Al. 


(1) 


(2) 


(3) 


(A) 




19. 


(1) ^ 


(2) 


(3) 


(A) 


A2. 


(1) 


(2) 


' (3)"^' 


(A) 




20. 


(1) 


(2) 


(3) 


(A) 


A3. 


(1) 


(2) 


(3) 


(A) 




21. 


(1) 


(2) 


(3) 


(A) 


AA. 


(1) 


(2) 


(3) 


(A) 




22. 


(1) 


(2) 


(3) 


(A) 


A5. 


(1) 


(2) 


(3) 


(A) 




23. 


(1) 


(2) 


(3) 


(A) 
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PROJECT CITE 
LEARNING STYt.RS WORKSHEF?r 



NAME 



SCHOOL 
DATE 



TEACHER 



KINESTIIETIC-TACTILE 

I - 
■JH - 
,»(. - 
M - 
42 - 



Total 



X 2 - 



(Score) 



VISUAL LANGUAGE 



Total 



X 2 



SOCIAL-INDIVIDUAL 

12 - 

20 - 
21* - 
40 - 



Total 



X 2 « 



(Score) 



VISUAL NUMERICAL 

9 - 

17 . 

25 - 

3J - 

41 « 



Total. 



X 2 



(Score) 



SOCIAL - GROUP 

8 - 

16 - 
24 - 
32 ^ 

40 - 



Total 



X 2 



(Score) 



AUDIWHY LANGUAGE 
t 

J 1 

I'J - 
-14 



Total 



X 2 a 



(Score) 



KXPW:£iSIVENESS-OjU\L 

M - 
22 - 



Total 



X 2 



(Hcor(») 



AUDJTOJIY NUMHHICAL 



KXIMU'iSSlVENlCRS-WKirrKN 



7 - 
IS - 
/ \ - 
U - 

t«) - 



10 - 
27 - 
35 - 
43 - 



Total 



X 2 « 



(Score) 



Total 



X 2 



(Score) 
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APPENDIX G 

QUESTIONNAIRE - TEACHER PERCEPTIONS OF THE 
COMPUTERIZED GROUPING PROCEDURE 



\ 
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Eynl uu 1 1 on oC (jomuuror J /ed OrouDitiK _ Procedure 
PART A 



383 



Listed below are some criteria wViich may be considered when 
evaluating computerised procedures designed to place students into groups 
for Instructional purpwsea. Please Indicate your aascssment of their 
deBirabllity when the computerized grouping procedure operates within 
the framework of IGE. Do this by circling the number which best 
indicates the degree of desirability you attach to each feature. 
Please make comments where you wish to elaborate on your response. 

1. Teachers should be* able to specify the number of groups to be , 
formed. 

Very deairable Undesirable 
Contment ; ^ , . 



2. Teachers should be able to specify the exact size of each 
group to be formed (e.g., Group 1, 10 students; Group Z, 20 students, etc.). 
Very desirable Undesirable 

J 5 ? r 

Comment : . _ . 



3. Teachers should be able to specify the group's size as a range 
(o.g. , Group 1, 10-15; Group 2, 20-25, etc.). 

Very deairable Undesirable 

~i -J 5 z -r 
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In questions A-8, assume the instructional program comprises skills 
or objectives each of which have prerequisite skills or objectives- 

A. The teacher should be able to specify what skill/objective is 
to be studied by each particular group. 

Very desirable Undesirable 

"1 5 r 1 r 

Comment: - 



5. The tcach'ar should be able to specify the set ot skills/ 
objectiveH from which the skills/ohJactlveH to be studied by each group 
will be selected- 
Very desirable Undesirable 

T ! — -T t r 

Comment : . 



6. Teachers should be able tp specify that more than one group 
will study the same skill/objective- 

Very desirable ^ Undesirable 

' ' \ J 1 r 

Comment : 
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7. Teachers should be able to specify that only one group will 
study the same skill /objective. 

Very desirable Undesirable 

-I i 5 1 r 



Comment : 



8. Teachers should be able to specify particular students who 
are to be placed in the samfi group. 

Very desirable Undesirable 

_j — r- — 3 1 — — r 

Comment ; . ■ 



9. Teachers should be able to specify particular students who are 
hot to be placed in the same group. 

Very desirable Undesirable 

-t ! 3 1 r 

Comment : . 



10. Teachers should be able to specify learner characteristics on 
the basis of which groups are to be formed. The specified characteristics 
may differ for different instructional purposes. 

Very desirable Undesirable 

"T J — —- r— — i r 

Comment : 
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1-1. Teachers flhouWl \n: abJe to requttst groups which ate maximally 
homogeneous according to the chosen learner characteristic(s) (e.g., 
learning style, prior achievement, etc.). 

Very desirable Undesirable 

-1 J ? 1 r 



Comments : 



12. Teachers should be able to readily observe any differences 
existing between the groups on the chosen learner ch.iract eristics. 
Very desirable Undesirable 

-I 2 ^ 2 r 

Comments: . . . _ _ . - 



13. Teachers should be able to readily observe any similarities 
existing within the groups in the chosen learner characteristics. 
Very desirable Undesirable 

-1— — 2 5 — — t r- 

Comments : - - - . 



lA. The similarities on the chosen learner characteristics should 
be helpful to teachers when they are preparing instructional prescriptions 
Very desirable Undesirable 

'1 i r 1 — 

CommcnLw: — . ^ 
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15, The format in which cHe groupa are presented to teachers 
should include: 

(i) Names of atudenta in alphabetical order 

Very desirable Undesirable 

-i r 3 % r 

(ii) The number of students In the group 

i 

Very desirable Undesirable 

1 5 3 — —r — -r 

(ill) • The skill to be taught to that group 
Very deairnble - Undesirable 

-I J J 1 r 

(tv) The average of «flch learner characteristic for the group 
Very deairuble Undesirable 

^ J 5 — —J r 



ComiQen t : 



16. The number of students omitted from groups because of 
ineligibility (on Account of their mnstering all skills/objectiveP 
connldered or not meeting prfirequlHites) should be the mlntmcr. posaibU*, 



Very desirable 



Undesirable 



T 



Comment J 



17. Students omitted from groupn should be shown in a separate 
group with the reaaons for their omission shown. 
Very desirable 



Undeairable 



T 



-J— — 5 r — -r 
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18. Aiternaclve recommendations for grouping should be made for 
those students omitted from groups. 

Very desirable Undesirable 

-r- — t 5 1 1- 

Comment: 



19. Teachers should be able to request groups formed only on the 
basis of eligibility (based on mastery of prerequisites and non-mastery 
of specified skill/objective) and without reference to learner 
characteristics. 

Very desirable Undesirable 

-1 5 r 1 -r 

Comment : 



20. Teachers should be al)le to request groups formed only on the 
bnfiJs of learner characteristics and without reference to ellglblJlty. 
Very desirable Undf^sirable 

-1 ^ ? 1 r 

Comment : 



21- Teachers should be able to request groups formed from only a 
subset of the students of the unit when this is required.. 

Very desirable Undesirable 

-J— — 2 5 ? r- . 
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22, The grouping procedure should be more efficient (take lees 
staff time) than a manual grouping procedure (e.g., using McBee cards). 
Very desirable " — , Undesirable 

^ 1 3 ^ r 



Comment : 



23. The grouping procedure should be more efficient (rake less 
staff time) than a CMI grouping procedure using Instructional Grouping 
Recommendation Forms. 

Very desirable Undesirable 

-I 2 \ -% r 

Comment : ^ - 



ARE THERE OIHER FEATURES OF A GROUPING PROCEDURE WHICH YOU CONSIDER 
DESIRABLE? 

Comments ; . 
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PART B 

Listed below are the same 23 criteria. This time, however, please 
indicate the extent Co which you perceive the computerized grouping 
procedure as meeting these criteria. 

THE COMPUTERIZED GROUPING PROCEDURE YOU ARE EVALUATING 
ALLOWS /PROVIDES TRACKERS: 

I . to Hpecify th(i number of groups to be formed 
Vory Muccessfully Unsuccoss fully 
-r J ^ —^5 5- 

ConunenL: . I ■ — , . ■ — 



2, to specify the exact size of each group 
Very successfully Unsuccessfully 

-t 5 5 1 



Comment : 



3. to specify the group's size as a range 

Very Hucceasfully Unsuccessfully 
_j ^ .-^5 ^ 



ComiiiiMJt : 



4. tn specify the skill/objective to^be studied by each particular 

group 

Very successfully Unsuccessfully 

T 5 5 1 r 

Comment : . . ^ 
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5. to specify a set of skills/objectives from which the skills to 
be studied are chosen 

Very successfully Unsuccessfully • 

-1 5 3 1 r 



Comment : 



6. to specify that more than one group will study the same skill/ 
objective 

Very nuccessluLly UnBuccessf ully 

-t 5 5 r- — r 



Comment : 



7. to specify that only one group will study the same skill/ 
objective 

Very successfully Unsuccessfully 

-t 2 3 1 r 

Comment : . 

8. to specify that particular students must be placed In the 
same group 

Very successCuily Unsuccessfully 

~t ! 5 fr- — r 

Comment : ' ^ 
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9. to apeclfy tUaL particular Htudcnt« must not be placed in the 
same group 

Very successfully Unsuccessfully 

-t 2 5 1 5- 



Comment! 



10, to specify learner characteristics on which to form 
groups 

Very successfully Unsuccessfully 

-1 5 5 2 S- 

Comment: . . . 



II, to obtain maxim.iDy liomop,i;ncouH yroupH 
Very HucccHH fully Unsucceas fully 

— ^ r— ? r 



Comment : 



12, to readily observe any differences existing between groups 
Very successfully Unsuccessfully 

; 5 — — 1 r 

Comment ; _ . ^ 



13, Lo readily obHurve any similar I Lios existing within the 



gronpH 

Vrry BviiTi^Hwful ly 

_^ ^ ^ ^ 



MnHuereMs fully 
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lA. - to base Instructional prescriptions on those similarities In 
learticr characteristics possessed by each group 

Very successfully Unsuccessfully 

-1 r 3 1 r 

Coraneiit : 



15. with Information on group membership In an appropriate format 
Very successfully Unsuccessfully 

-t J 5 1— 1- 



Comment : 



16. with an acceptably low number of omissions from groups 
Very KJuccessf ulXy Unsuccessfully 

-r 5 3 1 r 

Comment: 



17. with a separate group of omitted students with reasons for 
their omissions shown 

Very successfully Unsuccessfully 

_^ 5— 5 5- 

Common t : 



18. with alternative 'Recommendations for students omitted from 
groups 

Very successfully Unsuccessfully 

1 5 5 ? r 
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Comment : 
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19. to request groups formed only on the basis of eligibility 

and without reference to learner characteristics 

*% ■ . " 

. . ■ ■ ■ 

Very successfully Unsuccessfully 



Comment : 



20. to request groups formed only on the basis of ionrncr 
charucLeristlcs and without reference to eligibility 

Vary successfully Unsuccessfully 

-t 5 — — t r 

Comment ; . _ 

21. to request groups formed from a subset of the students of 
the unit. 

Very successfully Unsuccessfully 



Comment : 



22. to Bpend lt*.ss time on K^ouplng students than a manual 
grouping procedure using McBee cards 

Very successfully Unsuccessfully 

-I 5 IS 1 r ■ 



Comment : 
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2:k to Bpend lc8» time on ^rnuplnB students than a CMX grouping 
ic.eiiure uslnn; Instructlonnl Grouping ReconmicndaClon Fortna. 
Vwry auccossrully Unaucceaaf ully 

-1 5 5 1 r 

Commcnc : -■ ' - 



ARE YOU ABLE TO NOTE ANY DIFFERENCES BETWEEN THE GROUPS FORMED IIY 
TEACHERS AND THE GROUPS FORMED USING THE COMPUTERIZED^ PROCEDURE? 

Coromenta ; . . 
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COMPUTER PRINTOUT FOR TEST 3, 
DMP GROUPING 
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0 . 
1 . 
0. 
0. 
T." 
0 . 
1 . 
I . 
0 . 

"o 
0. 
1 . 

!• 
' 1. 

0. 
u 
'"i . 
0. 
0 . 
1 . 



0 1 1 

coo 

0 0 0 

^ ,0-1 

"1 'b 0 

1 0 

0 b 

"0 b 

1 0 
0 0 
<i 0 
0 0 
0 0 
6'"i 



0 0 
0 0 
0 6 

0 0 
6 ■'0 

1 0 
c 0 
0 0 
n a 
0 0 
o~o 



1 

0 
1 
0 
b 
0 
0' 
0 
0 
0 
0 
0 
0 
J) 
0 0 
0 0 
0 "0 
0 0 
0 0 
0 1 
0 0 
0 0 
b"o 
\ 1 
0 0 
0 0 
0 b 
0 0 
b"T 1 
0 o_c 
0 ~o"o "~ o 

0 0 0 0 
0 0 11 
0 0 0 0 



0 

1 

r. 
fl_ 
1 
0 

c 

0 

1 

0 
0 

1 

'0 
1 

0 "0 

0 1 

0 T 
0 0 
b 0 
0 1 
0 0 
0 0 



1 1 

'0 0 



0 
0 
0 
0 
0 

0" 

0 
0 

0 1 

0 0^ 
0 0 



1 
1 

1 
i 

0 
0 

1 A 

1 \ 



I 

0 

) 

c 

9 0 

0 0 

• J 

1 0 

0 e 

1 6 

• 

0 ft 0 

0 1 1 

1 1 I 
000 
6' 1 1 
c o_ 0 

"T 1 1' 
\ 1 
0 9 
0 0 

0 6 

1 Q 
"i 6 

1 



1 I 

i i i .1 
1100 
s b 1 



1 

1 1 



458 



ERIC 



459 



29?0 , 
2200 
l«P 
1710 
1720 
3)90 
lf70 
lf»C 
17)0 
1740 
1750 
1520 
3230 
2010 

.2920 
1500 
2230 
2240^ 
17«0 
1770 
1789 
2250 
2260 
3260 
17»0 
2270 
1800 
1550 
15«0 
1570 
1580 
2300 
2310 
2040 
775 
3000 
3Q10 
2320 

..ms 

20«0 

7»3 
2330 
1830 
2340 
1860 
^' 2370 
3300 
1670 
lAlO 
2110 

2«lS 

2300 

NUMBEH or STUDENTS FLIGTPL^ f'OB Twf rOLLOwl^G SKILLS - 
TOPIC *»9 -^36 



38. 


36. 


24. 


I*. 


22. 


40. 


22. 


32. 


2*. 


11. 


b 




24. 


2b. 


2S. 


30« 


12. 


14. 


30 . 


26. 


16« 


3. 


\ 








30, 


26. 


.?*•» 


3jgj. 


.26. 






b . 


7 ^ 




28. 


40. 


34. 


30 . 


24, 


22. 


22. 


30. 


40 . 


3 . 


** 


1 3 . 


3(*. 


3<«.. 


36. 


2t» . 


36. 


32. 


26. 


26. 


26. 


*• • 


0 




28. 


3B. 


30. 


2<«. 


3(1 . 


24. 


36. 


26. 


3(.. 


*• • 


0 


23 . 


16. 


IB. 


28. 


26. 


20. 


34. 


10 . 


26. 


IB. 


3 . 


6 


15. 


20. 


36. 


3B. 


28. 


3(1 . 


32. 


2P. 


26. 


2'd. 


5 . 


0 


20 . 


30 
■ 3'fc. 


3b. 
40. 


<.o . 

3B. 


dO . 

3B^ 


_3 2._36.. 

"3bi Id.' 


2X» 
3I&. 


16. 
dO . 


28. 
3*d . 


6 . 
*• • 




29ji _ 
?t * 


c6. 


20. 


3<«. 


32* 


22. 


36. 


3d . 


30. 


22. 


3 . 




16. 


2<«. 


3(1. 


34. 


3o". 


30 . 


(.0 . 


' IB*. 


2*«. 


26. 


d ■ 


fl 


,27 . 


22. 


30. 


2B. 


20* 


28. 


22. 


2d . 


28. 


le. 


6 . 


0 


27 . 


2to. 


36. 


30. 


36. 


38. 


30. 


30. 


28. 


26. 


• 


0 


13. 




3<i. 


. 2 A- 


3<. . 


36. 


30. 


30. 


3* ._32.. 


3 . 


d 


\ 9 . 


' 20. 


20 .* 


22. 


22. 


30. 


10. 


2d . 


2*«. 


26. 


3 . 


d 


22 . 


34. 


32. 


36. 


3(1. 


30 . 


28. 


26. 


3<«. 


32. 


2 . 


9 


18. 


22. 


30. 


3<«. 


32* 


28. 


38. 


26. 


26. 


30. 


3 . 




31 . 


36. 


3(«. 


26. 


28. 


26 . 


(«0 . 


16. 


2.2. 


22. 


S . 


8 


.11. 


2*. 


3B. 


24. 


26. 


22. 


*3(.. 


26. 


20. 


32. 


* • 


1 


25 . 


_3<«. 
3<*. 


3B. 
3(1. 


22. 
"30. 




32, 34. 
' (. 0 . 3 (. . 


_2,4, 
16. 


28. 
22. 


30. 

30^ 


3_. 
3 . 




^2 2 _. _ 
1 *• . 


22* 


3b. 


26 . 


2 8. 


26. 


2B. 




22. 


30. 


d , 


5 


22. 


32. 


2(t. 


2(t. 


2(1. 


22. 


36. 


' 26. 


30. 


2d . 


'6. 


0 


37, 


30. 


SB. 


30. 


26. 


32. 


2B. 


20. 


26. 


IB. 


3 


d 


21 . 


26. 


32. 


36. 


P6. 


2<* . 


26. 


30. 


12. 


28. 


3 


0 


15. 


20. 28. 
"fcO". 36. 


_3fi. 
36. 


2B. 
34. 


26._36, 
30 ."* 3 (.i 


' 26*; 


S*. 
'32. 


34. 

'2B~. 


2 

" ' 3* 


6 

0 


10. 
' 13. 


16. 


30. 


3(1. 


32* 


30. 


30. 


18. 


26. 


36. 




2 


14. 


32. 


dO. 


32. 


20. 


36. 


32. 


"'38. 


38. 


24. 


d" 


"6 


2'b. 


2ff « 


2B. 


2(1. 


30. 


30. 


28. 


32. 


30. 


32. 


3 


,7 


25. 


3**. 


30. 


2('. 


2n. 


3(1 . 


3R. 


22. 


'36'. 


2d. 


' 3 


• 0^ 


21 . 


26. 


an. 


22. 


2(1 . 


22. 


26. 


28. 


32. 


30. 


6 


, d 


25. 


le. 


3b. 


38. 


2n. 


28. 


18. 


32 


3 b. 


32. 


3 


, d 


23. 


2B. 


3b. 


2B. 


28. 


30, 


(.0. 


3d 


3*. 


30. 


3 


, d 


19. 


2B. 


' 36. 


32. 


32. 


30. 


38. 


28 


~ 32. 


32. 


5' 


.7 


d3'. 


26. 


J2. 


3(1. 


30. 


36. 


do. 


26 


. 28. 


3(. 


d 


, d 


31 . 


2B. 


30. 


2B. 


30. 


2B. 


2(1. 


32 


, 26. 


34 


'2 


.8 


20. 




2*f 


2(1. 


32. 


28. 




. 30. 


26 


-1 


. 0 


23. 


30. 36. 


30. 


26. 




22* 


32 


. 2«* 


28 


7 


• 8 


27. 


2fr. 


32* 


30. 


34. 


2(1 . 


28. 


22 


. 20. 


3* 


d 


.0 


15. 


3(** 


32* 


2(«. 


3(*. 


28. 


32. 


32 


. 2t*. 


36 


d 


. d 


23, 


2(*. 


2b* 


20. 


2(' 


28. 


22. 


18 


. 22. 


36 


, d 


. d 


IP. 


36. 


(»0. 


3?. 


36 


2i9. 


3(. 


2* 


. 3*. 


36 


d 


, (t 


u. 


20. 


3(1. 


2H. 


22 


2(1 . 


2o 


26 


. 2*'. 


28 


• 5 


.3 


30. 


28. 


3 *» • 


32 


20 


20. 


"u 0 


22 


. ?8. 


32 


. 5 


.R 


30 . 


2('* 


32. 


3(1 


36 


36. 


do 


26 


. (*o 


36 


. 2 


.6 


10. 


1?. 




3* 


22 


32. 


3? 


2(4 


. 2a 


30 


, d 


, d 


26. 




3<*i 


S** 


3*4 


30 . 


3d 


30 


. 3<* 


26 


. 3 


, d 


25. 


26. 


36. 


39 


3(. 


36. 


30 


«.o 


. 36 


30 


. 2 


, 9 


21 . 


. 3.0.. 


2B. 


.9P 


3 0 


28. 


2d 


2ft 


. 32 


-&? 


, 7 


.8 


22. 


38. 


2B 


26 


30 


2(1. 


32 


26 


.'28' 


26 


. "3 


.'6 


32. 


22. 


32 


30 


?P 


. 26. 


28 


> 26 


. 3b 


22 


. -1 


.0 


18. 




2<i. 


22 


26 


30. 


' 32 


• i't* 


. 2 B 


2(t 


. 2 


. 7 


15. 




ERIC 




• LCAHNtS ^MlMf^S^ MEAN» V*R« »ND_STD. OCV., •••• - - i--^- 
tlSUAL Ni>C»ICAL MAS MEAN m 31.62 VAP. « 30. 2* 50. « ^^*zZ 
%MP I TP*r '^•<«;'Ut*k^?l* V ^f Ay, Y.*" • ^ 5 1 3' . . f 

• STAHOAROIZCO ceAftNCR VARJABLCS .. 

t360 !• 12 1*45 

1417 .03 .26 

9075 -1.06 -1.33 

Usao -ii.;5 . - — — 

137S 1-12 -1.33 

/^ISO -•53 
138Q -^-'^ 
•400 . l..*' 

SMO •''^ 

^ lAso -jLta>-.r^iA .. 

U90 -.33 '-.93 
«140 



1660 
.1400 
9100 

. ..JlAfi5 

1900 
«4SC 
«72( 

t rr40 

1940 

:»iao 

^r,^--' ■ l.Tos. 
^^ 1950 

t920 

taoo 

•^'-^i'-.- tno 

1720 



03 -.93 



^ .03 . 7.14 
-1.06 .66 

Ilia lAfr 

.03 .66 
.AO 1*06 




.40 .66 
.03 .26 
•40 .26 
-1,06 . j66 
-.33 .66 

-2.15 rV«72 

-1.T9 .66 
1.49 1.S5 
"-.i.'T9 .26 
ZJL^ tA*- 




-.69 .66 
-.33. .-tl* 
•0 3 .26 
1.49 -tl* 




1.49 1.06 
-.69 -1.33 




1,12 -2.92 
-1.42 .26 
"-l7*42 -.53 

15^49 .26. ... , 

' * ' .40 -.93 

1.12 -.93 - : — 


-•53 
. .76 -.14 




.Ti 2.25 
U« 1." 

^ ' i». is 

• 40. .2*1. 








460 





S9T0 

ITM 

17M 

vo 



EKLC 



3330 


..33 


.1 .72 


2O10 


.76 


U4S 






JL.P6 


isoo 


•2.15 


•1.33 


2230 


.03 


1.06 


?2(»0 


..33 


• 66 


1T60 


• 4»0 


.,14 


IT70 


t*l2 


..53 




... ) • 1 2 




2250 


.*0 


..93 


226 0 


.<iO 




3260 


-l.<»2 


.,93 


1790 


..69 


..53 


2270 


.03 


.,53 




J=j69. 




1950 ; 


♦ T6 


U06 


i960 


..33 


.66 


1970 




..I* 


1900 


-.69 


*2* 


2300 


..33 


..I* 




-I??. 




2040 


.76 


..I* 


775 


_.76 




3O0 0 


.76 


.66 


30(0 


.03 


.26 


2320 


..33 


• 26 


. 9.025 . 






2000 


.76 


..53 




, t03_,lx.Q.^„ 


2330 


.03 


\ .06 


1630 






23<i0 


\ .49 


I .4S 


1660 


.40 


-1*33 


2370 


«40 


-1.72 


3300 


.03 


1 .4S 


1670 


^-1.42 


-U33 


\610 


.40 


1 .06 


2110 


' ."76 


"1 .06 




.J, 6 9 


. -fl* 


2615 


-.69 


.26 


16^5 


.03. 




2380 


-l"<»2 


..53 


SKILLS ASSIGNED 


TO groups'^"* 4" "i" 


"3"2' 



SKILL "» ^» 


1ST 


STUOEnT m "25 


2^J0 


STUDENT e 


*»3, 




a 


S. 176 




.000 


36 


1.1^2 


55 


1,589 


s 


1 .747 


79 


1.9fifr 


40 


2.3e3 


.54 


2.<il 1 


74 


2.41b 


21* 


2.621 


60 




3 


2.B04 


1? 


2.ao<i 


<•? 


2.90'* 


bfi 


2.R7I* 


53 


2.951 


77 


3.001 


«2 


3. 136 


30 


3.229 


ba 


3.260 


21 


3.2A0 


46 




.3 


3.360 


3 J 


3«fie3 


24 


3,575 


16 


3.593 


6 


3.593 


9 


3.64B 


19 


1.661 


8S' 


3.66*1 


86 


'3.aA6 




3 .9B9 


62 


<i.03B 




4.030 


49 


A.03S 


B3 


4. 072 


36 


«i."n"9 


76 




<* 




43 











PABTITIOMIMG rOP SKILL 4 4 ••• 
COMPUTEO PARTTTlOs JITh 3A ^ru'^.'^'^TSl 



19 



45- 

O 

o 




EKLC 



I 1 



I W6 

•.135 




X »tu • * m TO i iT. 0»T i.lJ STU . 5 IS , . ■ ^ ^ p « „ 

5Tu« iMSfiTo BIST i.J* ? " ' ! S !' ♦ s u <2i«ss To j-.oisr .» 

t STU . ic «S5 T, -5 . 0I5T .8« JTU . *l W TO 2 N. ^ ! , T ?.JJ 

' , STU I »3 IS8 TO I 0I5T 1.8) ,.STU « *».«<! TO 0 ». . • .| • , 1 M 

STu . H iSfl- TO I JIST ,S» 5TU - *T .SG TO » . 0 , 5 

STu • 5? »SS TO 0 OlST .» 5TU • S3 »SG TO » V, 0 ST .« MU > 

STU • 5« »SS TO 3 PlST l.tS STU • 59 (56 TO 0 D S ,»a »iv = . 

...v,.si.iusLL«„i..Mii!-^ — IfD-rrHi rif S-- S "Irrg rlrarirr 

■ STu«6l.lSGT0 0*. OlST M STU • 65 ASO TO 3 0 .« ? n M9 MG TO * K. SIS' .H 

'•' STu • TO «S0 TO Z PJSI ,K S U • Tl »S6 0 i O S , * » - e 

. sTuiTuse TO ; iJjsi, ,}ilL SJLU L»M TP I-- ' iV u »5ST) '? i'- Dis' li" 

> STu • 82 «6 TO 5.1*. Olit UJJ STU I 83 AS« TO I .V B»i .^^ » . 0151- •>? 

II?'' STu» flB«GTO 2M, OlST l.*T STU I .... ,^ 

'?™.}J5;; !!h or SfluiujiLip^ J^^J < 

OF.fApNj^Oli; 



5T0 » U «(! TO \ k*. DlST 

STi; « 19 A50 TO 1 OlSt 

STu I P5 A56 TO 2 W. 0|5T 
STu # 650 TO. .2 .D.IST 

STij * 31 AStt TO 3 OIST 

STu I 3ft ASI' TO 5 M, OIST 

STiJ H 3T A5r« TO 0 K, OIST 

5TU..«>,0 ftS^.TQ. 5.y, PI5T 

STU '^ •SO TO I 

STu H 46 liSQ TO I 

9Tu N 49 A$Q TO 1 

STu i 52 A56 TO 0 M. 

STu « 55 A56 TO 5 N, 

STu Ml A50 TO ? lii 

STjj I 6ft ASG TO d ^. 

STu <t 67 ASfi TO 3 W, 

STu H TO A50 TO 2 W. 

STu l> 73 AS6 TO 2 

$Tu » TM?GJ,0. l.Wt.PJST, 

STu « ASO to 5 QI5T 

STu n 82 45fi TO 5 H, 

STU VflS ASG TO 1 1^1 

STu K Bfl ASr> TO 2 t<i 



UP 

.»5 



OIST 
K, OIST 

DlST 
, OIST 
DlST 

DlST 
, OIST 
, OIST 
OIST 
OIST 



, OIST 
OIST 
DlST 



5TU • n A50 TO i OIST 

STU » 20 ASG TO 2 OIST 

^Ti; «iiSi5..T0.Ui 

SYU i 26 A50 TO 2 OIST 

STU I 29 ASG TO, ,3 DI^V 

STU V32 ASO TO ft OIST 

STU « 35 ASS TO 5 »*i OIST 

STU i 30 AsO TO 2 OIST 

STU 4| A5G TO JJ^j.OlST 

'sfu'li ift ASfi TO 0 ^1 OIST 

STU « M A56 TO 4 OIST 

STU « 50 «50 to 2 ^. DlST 

STU ■ !^3 «S0 TO 4 OIST 

s'ru i' 56 "50 TO 2 ^, OIST 

STU » 5V A5Q TO 0 PjST 

Sfu'li 62 ASG TO I OIST 

STU • f5 ASG TO 3 0151 

STU » 6fi ASO TO 4 W» OIST 

STU « n ASO TO 2 W| OIST 

,or 'STU ii 74 A5G TO 4 DlST . 

,30 ^5? ,^.? 

' 3>" " STuTgD iSG TO 0 *i. OIST lOO 

1^6 STU < 83 ASO TO I DlST .52 

,60 5TU n «6 ASO TO 2 DlST i57 

1,55 STU I 



1.69 
i39, 
,ftft 
.T3 

,00 

1|1.4. 
KM 

.^7 

.52 

.00 
l.lf 
1,4? 

.T3 

,01) 
.92 

l,3f. 



.37 
.17 

2.22 

.''.? 
,R6 

1,^2 
?t54 
M 
\.92 
2.61 
.24 
1,36 
,00 
.B5 
,60 
.15 
.17 
.49 



5Ti » 1» ASG tn 
STU • 21 *50 TP 



M, UtST 
'l DlbT 



.67 



ITU.i 2* »5i .11. 5. ii nil 



STU 
STU 



2T A5G TO 
30 flSG JO, 
STU M3 ASG TO 
STU " 36 *5G to 
Stu » 39 ASG to 

STU i. jtl.lii?.!!! 
'stu VVs'asg to 

STU « 48 «G TO 
STU « 51 ASO TO 
STU « 54 *5G TO 
'STU » 57"'i50 to 

STp,'(L>A*s,o .to, 

Slu V bVASG TO 
STU « 66 ASp to 
' i 69 ASG TO 
M 72 HSG Tn 
I « 75 ASG TO 



STU 
STU 



STU 



0 OIST 

3 M. OIST 

4 w'. biST 

2 ti. OIST 

3 W, DlST 1.0? 

3 OIST 

'2'V, b'isT 

2 DlST 

2 W. OIST 

4 W. OIST 
2 OIST 

5 W, DlST 
2 V. OIST 

2 ^ DlST 
ft Wi OIST 

3 ^ DISt 
0 M, OIST 



00 
.09 
1.41 
1.30 



1.00 
?,'05 
1.4* 
.75 

M 
.70 
'•^.73 
J9 
»S0 
.15 
.41 
.00 



STU • 78 ASG TP 2 ^. DI$T J,97 

stP« ■ sfAsVfb 'Ti^ olsf i . 14 



STO • 84 *S0 To 

Sfi) »' at ASO Tfi 



3 H, DIST 
■ ft^ W. DIPT 



.60 



rofl iTFRATlOfJ i 2 TOTAL OlSTA^Ct > 74,152 WHlCHJI^KeBSJiOJl^PRmO^^^^^^^^^ 



m 



'Vm h£An of each group 

ORDUP * 1 .430 .912 

0«bUP * 2 -.2<»7 .30f 

OROUP i 3 •*.435 .O.C> 

OroUP h 4 ,709 -ill 35 

OROUP * 5 -.132 -1.399 

••I STUDENT QQOUP'ASSrOKMENTS 
STU « 1 flSG TO 0 W. OIST 
STlf 4 4 AS^TO^JJij^PJlST.,: 
"STU « 1 ASG TO 0 W. DIST 
STU I 10 ASG Tp,^4^tit.?iy. 
SfU 4 13 ASG TO 3 i^. DlST 
STu 4 16 flSG to. ,1 W. DIS T 
STu"* I9"'*si TO 1 OIST 
STU »_22 ASG TO, 0 *<♦ DIS T 
"Sfu"f 25 ASO 'to '2 «. OIST 
jSru It 28 ASO 10 2 DIST 
STU Til ASG TO 3 M. DIST 
STy *Jk ASG TO _5 >|i.0I5T 
'shi * SrA'SQ To 'o »i. OIST 



.00 

,00 
1.40 

i7d5 

*74 
.25 

,36 

.5? 
.57 

'■ .DO 



STU 
STU 



STU 
STU 



h 2 ASG TO 2 DIST 

I flJO^jO. .s^iiJJt.?!.. 
elsG'TO 'f N. DIST 



"snf 

STU 

*Tt"u 

STU 



JTU i^O JSQ^T0^,5J^j.DjST^ J|3i. 

STU • 4,f flSG TO 1 ^1 OIST l.3« 

STU J *6 ASG J,? .l.iuy?™.'!^. 

"STU i(' 4Ti"sn> 1 k^. DIST ■ .IS 

STii « 52 ASG ?C 0 DIST .00 

STu 4 SSTs'fi TO 5 ki. DIST l,3D 

Stll I 5A flSr. TO ^ ■. OIST \,}f^ 



sfu' "14 ASG'TD 2*'ii DIST 

STU K )7 ASG TO 2.y.,.D!ST 

*^"'r20"ASG TO i OIST 

» 23 ASG TO ^3 0I5T_ 

V'^Tasg TO oVsV 

i 29 ASO TO 3 f. niST 
STU K 32 '6S6 TO 4 H. DIST 
STU « 35 AJG TO 5 4, OlST 
STU ""'3B TSG TO'' ? OIST . 
STU ■ 4l.^SG JC_..? *«J15T^ ?i42 .' 
STU TftftTso'TO" b "*\ OlST^ .00 
STU 4_47 ASG TO .4^;j^0l_S]^ \«90 

"sfu"" ifi^i'^^ Ts^oTst" ?751 

5TU 4 53 ASO TO 4 k/. OIST .31 
STU » 56 A«G TO 2 tr. PIST 1.39 
STU » S9 >S0 TO 0>» DIST .CC 



.28 
1.26 
1.09 
.00 
'.52 
i4S 
.28' 
.66 

T,'ii ^ 

.70 
.7fl 
1.97 
i.Tft 



STU • 3 ASG To ' 5 W, DIST 
STU 4 6 ASG Tn^^ft,,Wj,JifiT 

" sTu i "mso'to" i ^1 015t 

STU • 12 ASG TP ft W, DIST 

YtU ft 15 'ASG T^; 3'W. Dl&T 

STU * 18 *S6 Tn I DjST 

STu'n 21" ^SO TO 1 W. DIST 

STU ft 24 ASG TO 5 W. DlST 

"sW .I'zVlso'T'o - ■■' "'""^ 

TTU * 30ASG TO 

ilU ft 33 ASG Td 

STU * 36 ASG Tn 

"STU 4 39'AS6 Tn 

STU K "2 ASG TO^ 
" STU 'ft" ft'OsG^^O 

STU ft 48 ASG TC 

■■'sTu'i'sr a's^to 

STU * 54 *$6 Tn 
STU « 57 AS6 TO 
STU ft 60 ASO TO 



0 W". OlSf 

3 DIST 

4 N. DtST 

p, w. oisr 
'3 w, insT 

1 W UIST 

2 7,"575'f 

2 w, C)lST 
2 W."bl5T 
ft biST 

2 nist 

ft h. OIM 



.93 

,jO 
' .42 '■ 

.te 

;90* 
as 

.fS 

?.C4 

'%ob ' 
as 

l>2 
UM^ 
1.25 
I.IO 

i;« 

1.53 

'Tbo" 

.57 
.7R 
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' ;.; . I. IK to I ., Dill .11 m . « •» ™ 1 «. m . ™ » " z, 
.. ...nmii ■'■'■!■;- ;^if-^--|^!■'-SiS■ft^^l — SrrfiiTvi- 

is:;!! i :!'. !:. ..."-"-i ' I- ;: -ii!v!Hi;: 

i;; : :!! .l;|h • i4-K-i;:Si 

' ijys .3 5is ™i Lue 

'"sTu'mmsV.'tO Z 0I5T l.t* * ' 

rON lUSriON i'3>0T*L OISTINCE - "TO.SW -HKH ^i^^^j ^ ^^^^1;^^^ 




« 3 "i5I3 (063 



•M STUoTnT 3»0UP AS5I0NHENTS . 3 ,p 5 piSf .« 

■i;::.;s;:i::s.;i5 k; -J f hss. 

STU # 3<. »SG TO 5 M. OlST ,5T »1 S u « 39 «SG TO 3 k, OlST l.lS 

s J3 s-s-iKS- -ts^^^ii ■ -"111 

5Tl, .5M50T0 0N.OI5T .0 " ! 'n I 1 3 . 5TU • 5» AJO TO ? DLS' ._■!• 

STu . 70 JSG TO ? «. DIST I.Ot U " 1 0 • OS . » " . 

STi, » 73 «0 TO 2 DIST „1,3» , ,, STu • 7*„»S,<! T . N. 01 , , . S. ^ , « . ^ 

T ■V76 .SG'tO i V. DIST .6* ST^ • 77 «50 T K. 1. , 

Ti,-,7,,5r-T0. ?.,/.01.s.! .f ■ ."""•I'!"!' ' : Iv T viSlsT i.M 

ST, * 82 ASG TO 5 DIST 1. ■ ■ , , q,;, 5, 

^, ....JliLiJSM-H^mL-ii! ^lB^fl»iS«JU-!j.iISI.--iiS.-------i'!!-— — 7-* 

STU » 68 ASO TO 2 W. DIST STU • , J^ ^^ 

•■lo«ltt»rTjo~vnomTm»«r«'"'T.1tr*^^^ "".ij* " ■ ' " 

•fi MtAN or EACN J'Ol/O ?. '>v - 



\ 



fiHOOP « 2 

OVOUP I U 
OROUP i 6 



\ 

.M? 
,593 -i2U 



••• STUDENT GflOUP 45SIOfME»JTS »M 
5Tu i' 1 455 to o'w* DI5T ■ lOO 

5Tu r *7 'isV^O 0 i>» dTsV .00 

Stli « IC 45S TO j» W, 0I5T U30 

STii 5 13 4SG TO 3 <•» DI5T 1,13 

STU H U *SG TO 1 «. 0I5T_ |53 
STU * \^ ASO TO I i<, 0I5T* 

5TU*» ?5 1?5*'to' ? '^i/oiST l.SP 

STg « ?q ASG TO 2 i<, DlST >3^ 

5TU 1 31 450 TO 3 OlST .5fl 

STU « 3^. ftSO TO 5 pIST ,57 

5Tu 3T A5G TO 0 OUT ,00 

.-..STVJ .*»OAS%.10 ,.5.*^J.fiJil li-i? 

* ' " S T L « 4 ii'TsC- " TO I « , D IS T 1 » * 

STu i 46 iSO 70 1 w, 015T . .S** 

STU M <»9 &SG TO 1 W, OlST .33 

STu » 52 iS6 TO 0 ^'t CIST ,00 

STu « 55 4SG TO 5 OlST 1,30 

STu ii 61 4SC TO 2 DIST ,63 

^ 57y,.if yj[$LTO.^0..i!ij|Jiy 

""sTu i 67 ASO TcTh, OlST 1,01 

STu n TO ASO TO 2 W.^PtST 1,07 

STu * 73 aSG^To' ? DlST 1,3« 

S.7u.» 7ft^ ASO TO yy^ pi&!' ift^, 

'■sfir"i "tq ASC to 5 PIST .S? 
STu n a? flSO TO 5 W, OlST 

STu «^ 85 AS6 TO 3 «, OlST ,27 

STu • flP AS6 TO ? w, OlST 1,4''^ 



STU ^ 
STU ( 
*STU"i 
STU I 

sfu 

STU 
' STU'i 
STU t 



i ftSQ TO 2"w, llST 



. 5 .ASO Tp^, 

' i 'iso TO 

^1 »Vt TO 

! • >X ' 



1 ?, DlST 
0 OlST 

2 1*, DIM 
? t^, 015T 
2 H, OlST 

3 1'. Dis; 



21 .,y . 

sTu tf 26 <»SG TO 2 t'* 0l5T 

STU ii 29 JS6 TO 3 »*. OlST 

STU « 32 ASO TO k OlST 

STU t 35 ASG TO 5 .»*,, DlST 

STU ■ 39 A56 TO 2 V, DlST 

STU^X>1, ASO TO .2Jit^gjST 

s"tT» iit ASO "to 0 nlST 

STU # <»7 ASO TO fc I*, OlST 
STU « 60 ASO TO 2 )-» OlST 
STU * 53 A50 7C It OlST 
';TU f 56 ASfi TO 2 Ki OlST 
STU r59_ASGjO^0,.f* PJST 
STlj B ^j'ttSG^TO'l *<, 0I5T 

TflTrSjB'ASO'TO"^* t^i OlST 

STU * 71,ASG TO 2 OlST 

Sfij < 7^ ASS TO i H, DlST 

77 ASS^TO^ h.ti OJJ], 

fli) asg'td 0 OlST 

STU « 83 ASO TO 1 ^ LMST 
STU K 86 A5G TO 2 f», DlST 
STU H 



.2B 

.Oft 
,52 
.<.5 
i2B 
,62 
2,32 
,frt 
• 91 
l<9| 
1.7* 

Too 

1,71 
5.51 

,25 
1,35 

,flC 
' ,2fl 

.27 
' ".23 

.28 

,30 

lOC 
,fc5 



" STU «* 3 'ASrtr 5 DlST .92 
STU « 6 ASCJO ^,»JI5.V 

5ir« HsG To'TvrDirr' ^r?! " 

STU I 13 ASC TO LiIST ,91 
'Sfl i Is'aSG'TO 3 DI51 i»l 
STU ^ 18 ASG TO 1 K, DlST ,33 
STU K 21 ASG TO 1 H,' Ofst ,59 

STU i 2<f A56 TO 5 W, t)]5T Ml 
"STu'i 2T"ASG TO 0 OlST ,0« 
STU IT 30 AS6 TO 3 W, OlST ,?7 

■STU * 33 AS6 TO 4 W, DiSf 1,62 

STU * 36 ASG TO 2 Wi 015T I.IH 

STli' * 39 ASO '0 3 iJ, D15T 1,35 

STU « fc2 ASG TO J. ^^,,^01.57 ,^.,.96 

' ■ VrV'^Vs^ASG TO'7VroiSt li93 

STU # fc9 AS6 Tft 2 DlST li53 
STU I 51 ASG TO 2 DlST ,80 
STU * Sfc /iSG to ^» L'IST iS9 
STU * 57 ASG TO 2 OlST ,78 

STU I* 60 ASG TO i W,.0I5T ^.61 
' * "StU 'u'63^Alo'Td' iX ofst .36 
STU M6 ASQi? 2jl«JlSi 
"sfu V 69 ASG TO^'i OlST' 123 
STU * 72 ASG TO 3 H. OlST, .27 

' ' STU » 75 ASG TO ' 0 W, OlST lOO 

STu * 78 AS6 TP 2 ^, OlST ^?,0«. 

■ "sTu *so'>n Vi'rLMST I.IH 

STU f 8<» ASG TO 3 DlST l,bl 

STU flir'AsG TO OlST ',58 



711,527 WHICH PlFFeP5/50N pq£yiOUS/t 
' "93,157 HEAN^TuH nrsoiiiPn WlTHlM * 



FOR llfflAT^QN » 5 TOTAL PISTflNCJ. i 

* TOTAL Slin'oVsoiiAUES -JlTHlN » 

SAP » SKILL NO. I\ CROUP 

2 1 2^ 

3 3 J\ . , 
S 2 13 

I 10 



STUOCNT i 50 HAS m^i POOTtO our 0^ f^HP P 2 
1500 MCCAPTMY, THd^lS HAS BMN K)£HOl/CO FPflM PUP P ? 

T()T.!ll,DtST,,i 67,7*U5J»'.« 8.^61 HliS it i hOi 



lOOO 



1 



6H0UP P 1 1 SKILL * <• _T0PIC 56 . 

Ttuo^VT ' sfuoewT naw distance 



2400 •^^i 

- ?6%0 ... -^0'^ 

2440 — tlil. 

9450 '2^1 

2790 

IMO '95^ 

1730 

1920 -594 

^MaiL '^51 



1550 



SB2 



2330 '^3^ 



1610 



»33l 



LEAPt^R VA^XAfltis''^ «AN, VAR, AND STD, OEV. 
AVOXtOffV NU»«£»ICAL HAS MEAN • .SI VAR» » ,30 



• 65 



O 
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GROUP <» 2f SKILL *» 1 TOPIC t**^ 
NUMBER OF STUDENTS RECOMMENDED s 



25 



STUDENT NAME 



DISTANCE 

• 351 
1.640 
.328 
I .662 



STUD 
T617 

1400 - - 

1900 
. 1<»10 
1440 
1910 
1450 
2200 
1710 

^Jiia - 

1750 
2010 
2230 
2250 
2260 

_Lfl.0(L- 

1560 
2300 
3000 
3010 
3025 

. .MAja.. 

3300 



2380 

LE A RNEr' V AR I A B LFs"*- MEAn"v' ^r7 A w'o S TD . DEV. ooo 
VISUAL NUn&P.XCAJ-, HAS MfAN « r ti t ^.V ARj . 
AUDITOHY NUMERICAL HAS MEAN a .37 VAR. « .51 SU 



I .999 
I .^26 
.713 

.762 



• 326 
_ s333 
.974 
.232 
1.^21 



1 .099 

.^•535. 



U544 



4 7 1 



> 



GROUP • 3, SKlUt,« .3^-T9AXC;^?A-^ 



STUDENT N*M€ 



1630 
3100 
IMO 

_ 

2100 



)800 

^^fto , 

2310 
2320 _ 
2110 
... XAT5 

VISUAL no«:rical H#S H€AN • 



DISTAI^CE 

.sal 

XJAA^.. 

1.346 

«.^E65 — 

l.OlO 

1.614 
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GROUP SKILL • 2 TOF?IC 5^* 

NUMBER OF STUOrNlTS PECOMHENiOED » 13 



STUD * 

2130 
1650 
21<>0 
.1705 
1950 
3830 
1760 
1770 
2270 

775 
2080 
1615 



SttTOENt NAME 



DISTANCE 



• 313 

.908 

• ''OB 

I. .707 
.2ae 
.505 
.611 

t-22X. 

.227 
.297 
.580 



LEARNER VARJO^LeS - ^^^^t 

VtiUAt. -NUytJilQAI ttA^L-Ht^-H-- 

AUDITORY NUMEf^lCAL HAS MEAN » 



VAR, AND STD. DEV. 

,.52_.yA,R.f « ADj 

-,29^ VAR. « .SS SO. 

J 



.57 
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ftROUP « Sf SKILL * TOPXC 56 
m^tP OF STUDENTS «eCOMMENOEO = 10 



"sTUD'"5 ' STUDENT NAHE DISTANCE 



ireo 

1860 

iaio 



1.914 
1.389 
1.295 
1*066 
.566 



LEARNER VARIABLES - HEAN, VAR. ANO STO. O^^. " ^ , ^^jo 

VISUAL NUMERICAL HAS MEAN = -.15 VAR. « 1.4^ SO. • I |^ 



4^ 
O 
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OMISSIONS GROUP 



STUD » SIMPENT NAME REASON 



.. ,\360 MOT ELIGIBLE FOR aNV SKILL 

1300 NO't "eligible for any SKILL 

\3?P NOT «-LlGIRLE FpR^ ANY SKILL 

1^20 .. NO* 'IGIBLE FOR ANY SKIL*-' " ' 

?170 NC XGJBLE FpR ANY SKILL 

1^90 NOT ELIGIBLE FOR ANY SKILL 

ly^O NOT ELIGIBLE FOP ANY SKILL 

1500 REMOVED FROM GRP # 2 DUE TO SIZE CONSTRAINTS 

22^0 NOT ELIGIBLE FOR ANY SKILL 

1T90 NOT ELIGIBLE FOR ANY SKILL 

.A575_ — ..NQJ ELIGIBLE FOR ANY SKJUj- 

793 NOT ELIGIBLE FOR AN'Y SKIl"l"sELECTED PUT"* 

eligi::le for skills se 

2370 NOT ELIGIBLE FOR ANY SKILL 
NUMBER OF sfuOENTS » I3 ' . 
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National Evaluation Committee 



Kmoiilus Piufossoi 
University of Chtcngo 
Helen Bain 
Past President 

Natiunal Education Association 

Lyle Booine 
professor 

University uf Colorado 
Sue Duel 

Coosultjmt. Porllnnd. Oreuon 

'^i/iV, r*. ('ampht'll 

:i>vMitus Professor 

- ' " 10 State UnivurNity 

f.;t„tv-.- ,'. pick:j«>n 

; r College uf Bducntioo 

Uft.vcrgity of 'I'nledo 

University Advisory Committee 

juhii R. Palmer. Chniiman 
Dcnn 

Sch4H)l of i:»luCrttioo 
Willinm R. Bush 
Deputy Director 
R 8. n Center 
David H. Cranon 
Dean 

CoUepc of Letters nml Scienci- 

Dinne 11. Kirh 

SptH-'inlist 

R «, 1) Centi-r 

l->rlyn !.. lIiH'kri>HJ» 

C()()r(I:ii:itnr 

U «• I) (Vnter 

DnU- I) Joljn-.^.'. 

A'JSiK'ijite prMiJ.-s?:i»r 

Curriculum nml loNtruclitin 

lUjrbcrt J. Kla»smeiirr 

Mi-mher of the Assix-iatwl Isu ulty 

R «, I) Center 

Associated Fa«:ulty 

Vernon 1.. A'Umj 

Pti>fessor 

l>sycli»»liiKy 

\\ Dfnii Bi)\vU*s 

Pf(ifessof 

llilnL;»tii>n;il Adminif;tr:»t»on 
Ihomsis V. (:;"|K'«>li'i 
Assistant I'rotrssiti 
CiniiiMiUini aiul InsirnrtuMi 

M.uvin I l *ti»lli 

Ptntt'ssi't • 
l-:»hii «him:»l Ailim""**"*''"'" 
jitliit l\ ilaivi'v 

Pll»l»*SS»»l 

M.>ll»«* ">;»'»«■'< 

Cntrirnlnin :unl Insriin tuiii 
Pmfrssin 

Cliild |)cvi*liii»m»Mit 
Morlvtl J. K!;>ostm«ior 
V.AC nnmiii" PiolrsN»>r 
i:diH j»tii»n:»i l'syi h»il«»Ky 
j*(St pl» r Li>wtim 
Aj<sist;»fit Prulossoi 
i:diMj»ti<mi»l |'syrliMl«»Ky 



1 :»Try R. CiouU't 
piiifessor 

Universit/ of Illinois 
Chester W, Hanis 
Professor 

University of Califania - Santa Barbara 

William G, Katzenmeyei 

Professor 

Duke University 

Barbara Thompson 

Superintendent of Public Instniction 

State of Wisconsin 

JoJinna Williams 

Pntfessor 

Teachers ColleRO 

Columbia University 



jnmes M. Lipham 

Mt^ml)er n{ ti-..- Associalet' Faculty 

R S« 1) Center 

^tayne R. Ottu 

Associate Director 

R ft D Center 

Richard A- Rossmiller 

Director 

R&D Center 

l^lizabctb J. Simpson 
Dean 

Seboiil «il I'amily Resources 
nnd C'lmsumer Sciences 

( .».n V:iti ICss 

AssiH'intr Vicr Cb;)ncuHi»r 
Ihiivi'isity «»f Wis«'"nsiii - Madisim 



Jwl R. Kovin 
Prnfrssor 

l'.din'atiim;il Psyt lMiInKV 

t. J«w«*pb I. ins 
professor 

jnstituttdital Studies 
James M. I.ipbam 
Pri>ressor 

i:Oiic:itional AiUniiiistrnlioM 
|)on:dd PC Mi'ls:i;u' 
Ptofessor 

I'dtn ittinit.tl Ailmiitisliiitiini 
CuM.ttil N;tdliM 

Ptub'SSlM - 

liMlusliinl l';u^;ii>rei>nn 
Wsiyttr K Ottu 
Piiilessnr 

Cnriii'tibttn ;ind bistrm lion 
UolH»rt C. l»et/*ild 
Profossor 
Music 

Ctitiiculiint imd InstiiK-ticm 
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iTiomas S. Popkewit?. " 
Assislunt Professiir 
c:urriciilum nnd Instruction 
riMimas A. Roml)erg 
professor 

Curriculum and Instruction 
Richard A. Rossmiller 
Professor 

Educational Administration 
Dennis V.'. Spuck 
Assistant professor 
I'.ducatioii;il Administration 
Mii lmel J . liul»k«»v»ak 
Assist:iitt Prttfessor 
IjliMiiti»inal Psychologj- 
Uieluird L. Vcue/ky 
Pl«b*ssor 

Cf»m|Kitor Sciences 
J. pied Weaver 
Professor 

Curticulum and Instruction 
l.arry M. Wilder 
Assistant Professor 
CbtUl DeveUipment 



